
Speaker Notes for “Local AI Models: Tools, 
Implementation, and Biological Applications”

Slide 1: Local AI Models – Tools, Implementation, and Biological 
Applications
Welcome and Introduction. On this opening slide, we introduce the topic of deploying artificial 
intelligence models locally (on personal or institutional hardware) and how it applies to biological 
research. The goal of this presentation is to provide a comprehensive guide for researchers on using AI 
tools without relying on cloud services. In these notes, we’ll discuss what local AI entails, explore 
various tools and implementations available, and highlight examples of how local AI models can be 
applied in biology. This sets the stage for understanding the benefits of keeping AI in-house, as well as 
the practical considerations in doing so. I, Silvano Piazza, will be leading you through this content – 
drawing on real-world case studies and best practices to help you confidently leverage AI on your own 
machines.

Key Context: Running AI models locally means the computations happen on computers you control 
(like lab workstations, servers, or even laptops) rather than on remote cloud servers. This approach is 
becoming more feasible as hardware improves and as open-source AI models (like large language 
models and others) become widely available. We’ll explore how this empowers researchers – especially 
biologists – to analyze data efficiently while maintaining privacy and control. By the end of this talk, 
you should have a clear understanding of the tools and techniques for local AI deployment, as well as 
insight into how they can accelerate biological discoveries.

Slide 2: Agenda
Overview of Topics. This slide outlines the main sections of the presentation. We will cover each of 
these in detail:

1. Introduction to Local AI Tools – We’ll begin by defining local AI and looking at examples of 
tools that allow AI models to run on your own hardware. This sets a foundation for 
understanding the landscape of local AI solutions.

2. Benefits & Downsides of Local Models – Next, we’ll examine the advantages (like data 
privacy and speed) and the challenges (such as hardware costs and technical complexity) of 
using AI models locally.

3. Hardware Requirements (CPU vs GPU & VRAM) – We’ll discuss the computing resources 
needed for local AI, comparing CPU and GPU implementations and explaining how much 
memory (VRAM) different size models require. This section ensures you know what kind of 
machine power is necessary for various AI workloads.



4. Image Formats in AI and Biology – Here we’ll look at different model and data formats 
commonly used in AI (e.g., ONNX, TensorFlow Lite, CoreML, etc.) and how they relate to 
biology applications. Understanding formats is important for model compatibility and 
optimization on different devices.

5. Model Overviews: LLaMA, Gemma, Mistral, Qwen, Deepseek – We will provide brief 
overviews of several notable AI models or model families. Each of these has unique features, 
and we’ll highlight how they differ and where they might be useful, particularly with examples 
in biological contexts.

6. Key Concepts: Tokens, Context, Temperature – This section will explain fundamental 
concepts in working with AI models. Tokens are the units of text models process, context 
window is how much information a model can handle at once, and temperature is a setting that 
affects output randomness. Grasping these concepts will help you effectively use and tune AI 
models.

7. APIs, Costs, and GUI Tools – We’ll explore how to interact with local AI models. This 
includes using APIs (to integrate models into your own applications or pipelines), 
understanding cost implications of local vs cloud usage, and showcasing GUI tools that provide 
user-friendly interfaces for those who don’t want to code.

8. Biological Case Studies – We will go through a few real-world inspired scenarios in genomics, 
protein science, and drug discovery where local AI was applied. These case studies illustrate the 
practical impact and workflow of using local models in a biology research setting.

9. Challenges & Best Practices – After seeing the possibilities, we’ll candidly address the 
challenges you might face (like setting up systems, keeping them running, etc.) and discuss best 
practices to overcome them. This ensures you’re prepared to manage a local AI deployment 
responsibly and effectively.

10.Future Directions – Finally, we’ll look ahead at emerging trends that will shape local AI. This 
includes movements toward more energy-efficient models, collaborative training methods like 
federated learning, and other innovations that aim to make local AI even more accessible and 
powerful in the coming years.

Throughout the talk, emphasis will be on clarity and practical insight – by the end, you should feel 
empowered to experiment with AI models on your own hardware, especially for biological data 
analysis tasks. If you have questions at any point, feel free to note them; we will have a discussion at 
the end.

Slide 3: Introduction to Local AI Tools
• Running AI models on local hardware: Local AI tools enable you to run machine learning 

models directly on your personal or institutional computers without relying on the cloud. This 
means all computations happen on-site. One big advantage is that sensitive data never leaves 
your premises, enhancing privacy and security. For example, a hospital research lab can analyze 
patient medical data with an AI model on their own servers so that no patient information is sent 



over the internet. Similarly, a field biologist with a laptop can use AI in a remote location with 
no internet access. By keeping everything local, researchers have offline processing 
capabilities, ensuring they can work even in secure or isolated environments.

• Customization and offline fine-tuning: Using local models lets researchers customize and 
fine-tune AI for specialized tasks without needing an internet connection. You are not 
constrained by a third-party provider’s settings – you can adjust the model or retrain it on your 
own data to better suit niche tasks. For instance, imagine analyzing patient genomic sequences 
to find mutations associated with a disease. With a local AI setup, you could fine-tune a 
language model or other AI on those specific genome patterns and run it entirely within your 
lab. This flexibility means even highly specialized problems (like a custom analysis of gene 
expression data, or a tailor-made image recognition model for a specific type of microscope 
image) can be addressed by tweaking AI models locally. The result is an AI system that is 
adapted to your exact research needs and that continues to function even if the internet is 
down, since it doesn’t rely on external servers.

• Variety of local AI tools: There is a broad ecosystem of local AI tools available, ranging from 
command-line frameworks to full graphical applications. Some tools are standalone 
executables or libraries that you run in a terminal or integrate into your code. For example, 
Llama.cpp is a popular open-source C++ framework that allows running large language models 
(LLMs) efficiently on ordinary hardware (including CPUs) with minimal setup. It was 
specifically created to make models like Meta’s LLaMA usable on consumer machines. Other 
tools come as Docker containers, which package all the dependencies so you can launch a 
ready-to-use AI environment with a single command (this is great for avoiding complicated 
installations). And importantly, there are user-friendly desktop apps and web interfaces that 
require no coding. For instance, GPT4All is a desktop application that lets you chat with various 
local models through a simple interface, and oobabooga’s text-generation web UI is a web-
based front-end where you can load models and interact with them in your browser. Another 
example is KoboldCPP, a lightweight app focused on running story-writing AI models using the 
llama.cpp backend – it provides an interface for creative writing assistance. These tools lower 
the barrier to entry, allowing users to experiment with advanced AI models on their own 
machines without needing cloud services. In summary, whether you prefer coding or a plug-
and-play app, there are local AI tool options that fit your workflow.

Slide 4: Benefits of Local AI Models
Running AI models locally offers several compelling advantages that can be especially meaningful in a 
research or clinical setting:

• Privacy and Data Security: Keeping all data on local systems means that sensitive or 
confidential information never leaves your control. This is crucial for working with datasets that 
contain personal or sensitive information (for example, patient health records or genomic data 
governed by privacy laws). In a healthcare context, compliance with regulations like HIPAA in 
the U.S. requires strict handling of patient data. By processing such data on local machines, 



researchers ensure that no private information is sent to external servers. Imagine a 
genomics lab identifying mutations in patient DNA – doing this analysis locally prevents any 
possibility of exposure through network breaches or third-party data handling. The data stays 
within the hospital’s secure network at all times, vastly reducing risk. This privacy benefit 
builds trust with stakeholders (patients, collaborators) since everyone knows the data is safe 
within your infrastructure.

• Speed and Low Latency: Local processing can be faster and more responsive because you 
eliminate the round-trip time to a cloud server. When an AI model runs on a machine right next 
to you (or on your lab’s server), the only delay is the computation itself, not any internet 
transmission delays. This can enable real-time or near-real-time analysis. For example, consider 
on-the-fly analysis of images from a microscope: if you run a vision model locally, it can 
analyze each image as it’s captured, giving immediate feedback, whereas a cloud-based model 
might introduce seconds or more of delay due to uploading data and waiting for a response. In 
scenarios like guiding a laboratory procedure or a clinical decision that require prompt answers 
(maybe a pathologist scanning biopsy images, or an autonomous lab robot that needs AI to 
make quick decisions), local models provide the swift response needed. Furthermore, high-
speed local processing is helpful for bulk tasks – processing a large dataset will often be quicker 
than sending data in batches to the cloud and waiting, especially if your internet bandwidth is a 
bottleneck.

• Customization and Control: Using local AI gives you full control over the model and 
environment, which means you can customize the AI system extensively. You can fine-tune 
models on your own data to improve performance on niche tasks without needing permission 
from an API provider. For instance, if you are studying a very specific protein interaction, you 
could train or tweak a model to focus on that domain (something a general cloud model 
wouldn’t be specialized for). This also means you can adjust parameters, install special libraries, 
or modify the model’s code – all things often not possible with a closed cloud service. 
Additionally, you aren’t subject to the cloud platform’s updates or deprecations; if an online 
service changes or ends, your local model would still be available in its current state. In 
practical terms, you can adapt the AI to your project, not the other way around. If you 
discover that a certain algorithm needs a tweak to work better on, say, plant genome analysis, 
you can implement that tweak locally. This level of flexibility is invaluable for research 
innovation. It’s worth noting that with great control comes the need to manage it – but for many 
researchers, the ability to directly shape their tools is a major benefit of going local.

Slide 5: Downsides of Local AI Models
While local AI deployments have many benefits, it’s important to be aware of the challenges and 
drawbacks so you can plan for them:

• Hardware Costs: One significant downside is the expense of the computing hardware 
needed to run advanced AI models. Large neural network models (with billions of parameters) 
are computationally intensive, often requiring high-end GPUs (graphics processing units) or 



other specialized accelerators for reasonable performance. These aren’t cheap – for example, a 
top-tier GPU like the NVIDIA RTX 4090 can cost well over $1,500 on its own, and enterprise-
grade GPUs are even more expensive. If you aim to run a model with tens of billions of 
parameters at a good speed, you might need multiple GPUs working in tandem. The slide notes 
that running a 70B-parameter model could require more than $5,000 worth of GPUs, which is 
plausible when you consider the need for multiple high-memory cards or a server setup. Besides 
the initial purchase, there’s also the need for sufficient RAM and storage – the raw model files 
can be tens of gigabytes in size, and you need fast disks (like SSDs) to load them quickly. For 
many small labs or startups, this capital investment is a serious consideration: not every 
organization has the budget for a dedicated AI server. In contrast, cloud services let you rent 
compute by the hour, which might be cheaper in the short term. Thus, cost can be a barrier to 
entry for local AI, especially for cutting-edge large models.

• Technical Expertise Required: Setting up and optimizing local AI environments often 
demands a fair amount of technical know-how. Unlike a managed cloud service where much 
is handled behind the scenes, running models locally means you (or your team) are responsible 
for installation, configuration, and troubleshooting. This can involve dealing with GPU drivers 
(like NVIDIA’s CUDA toolkit), setting up appropriate versions of deep learning frameworks, 
managing Python environments or Docker containers, and possibly compiling code for 
performance optimizations. There are also advanced techniques like model quantization 
(reducing model size) which might be needed to fit models on your hardware – applying these 
requires understanding specific tools or libraries. If something goes wrong – say a library 
compatibility error or out-of-memory crash – you’ll need the expertise to diagnose and fix it. 
This can be daunting for researchers who are not experienced in programming or systems 
engineering. In a biology lab without dedicated IT support, the learning curve for local AI can 
slow down progress initially. Essentially, technical overhead is higher with local AI: you must 
be the cloud provider for yourself.

• Maintenance and Upkeep: Running AI models locally isn’t a one-and-done task – it requires 
ongoing maintenance. The AI field evolves rapidly, with new versions of models and tools 
coming out frequently. To benefit from improvements (like speed optimizations or security 
patches), you’ll need to update your software regularly. For instance, if you use a web UI like 
Oobabooga or an engine like text-generation-webui, the developers might release updates that 
improve efficiency or add features; you’ll have to download and install those updates yourself. 
Similarly, keeping the models updated – if a new, improved version of a model in your domain 
is released, you’ll want to obtain it. There is also general system maintenance: ensuring your 
GPU drivers are up to date, your operating system is compatible, and your hardware stays 
healthy (overheating GPUs due to dust is a real issue, for example, requiring occasional 
cleaning). Without a managed support team, all this upkeep falls on you or your lab’s 
personnel. Lack of maintenance can lead to degraded performance or security vulnerabilities 
over time. This overhead is something that must be built into project planning – time and effort 
for maintenance – which is a downside compared to a cloud solution where the provider handles 
the infrastructure. In summary, the freedom of local AI comes with the responsibility of 
managing everything, which can be resource-intensive.



Slide 6: CPU vs. GPU Implementations
Not all hardware is equal when it comes to running AI models. Here we break down how CPUs vs. 
GPUs perform for local AI, and even mention hybrid strategies that use both:

• CPU (Central Processing Unit): The CPU is the general-purpose processor in your computer. 
Pretty much every modern computer has a CPU that can run basic AI models, which makes 
CPU execution the most accessible option. CPUs excel at sequential processing and versatility, 
but they have relatively limited parallelism (a typical CPU has a few to a few dozen cores, 
versus a GPU which can have thousands of smaller cores). For smaller models or for initial 
experimentation, a CPU might suffice. For example, you could load a small 7-billion-parameter 
language model and generate text with it on a laptop CPU. However, the performance will be 
limited – often on the order of only 1–2 tokens per second for text generation with a model like 
LLaMA-2 7B, even on a high-end CPU. (A “token” is a chunk of text; we’ll define this more 
later, but roughly think of it as a word or piece of a word. So 1–2 tokens/sec means the model 
writes only a couple of words per second, which is quite slow for long outputs.) This slow speed 
is because the CPU simply can’t perform the large matrix multiplications in neural nets as 
quickly as specialized hardware can. Thus, while any modern computer can technically run a 
smaller AI model, the experience may be sluggish. CPU mode is often used for development, 
debugging, or when no GPU is available, and it’s also common for running already small and 
efficient models (like some 1–2 billion parameter models or highly quantized versions). It’s 
reliable and easy (no special drivers needed), but for heavy workloads, CPUs will test your 
patience.

• GPU (Graphics Processing Unit): GPUs are the workhorses for deep learning because they 
can do massively parallel computations. A powerful GPU (such as NVIDIA’s RTX 3090 or 
4090, or the professional A100 etc.) contains thousands of cores that can perform mathematical 
operations simultaneously, which is ideal for the matrix and vector operations that neural 
networks require. Using a GPU, we can accelerate inference (and training) dramatically. For 
instance, where a CPU might generate 2 tokens per second on a model, a high-end GPU could 
generate dozens of tokens per second from the same model. The slide gives an example: on an 
RTX 3090, a 30B parameter model might produce ~15 tokens/sec. In practice, a 7B model on a 
strong GPU can be extremely fast, and even a large 30B parameter model becomes usable with 
reasonable speed. This means that if you want your AI responses in near real-time or you want 
to handle more complex tasks quickly, a GPU is highly desirable. GPUs do require some 
software setup (correct drivers, possibly CUDA or cuDNN libraries for NVIDIA GPUs), but 
once configured, frameworks like PyTorch or TensorFlow will automatically use the GPU to 
speed up computations. The bottom line is that for larger models and serious usage, GPUs are 
the preferred engine. They enable local setups to approach the performance you’d get from 
cloud-based AI. The downside, as mentioned, is you need to have that GPU available (which 
comes back to cost).

• Hybrid CPU–GPU Strategies: What if your model is too large to fit entirely on your GPU’s 
memory? Or what if you have a smaller GPU? There are ways to combine CPU and GPU 



resources to run very large models, essentially spreading the load. One strategy is to put as 
much of the model as possible on the GPU (for speed) and the rest on the system RAM 
accessible by the CPU. This is often referred to as “GPU offloading” or hybrid inference. For 
example, an advanced approach on some systems (like an Apple M2 Mac, which has unified 
memory architecture) is to load, say, 75% of the model layers on the GPU and the remaining 
25% on the CPU. The GPU handles the heavy lifting for the layers it has, and defers to CPU for 
the others. This allows running models that otherwise exceed the VRAM capacity of the GPU. 
While the portions running on CPU will be slower, the overall effect can be that you make 
possible what was previously impossible on a single machine. Another approach is using 
multiple GPUs: if you have two or more GPUs, some frameworks can split the model across 
them (each GPU holds different parts of the model and they work in tandem). The key idea is 
balancing speed and memory constraints – use the fast GPU memory as much as possible, and 
gracefully fall back on CPU RAM for overflow. Apple’s hardware, for instance, doesn’t have 
large discrete GPUs, but tools exist to run quite large models by leveraging the CPU and the 
Metal API for GPU when available. So, hybrid strategies extend the range of model sizes you 
can tackle locally. The trade-off is that whenever data moves between GPU and CPU, there’s a 
speed penalty, but it can be worth it to get a 65B model running at all on a single machine. In 
summary, clever use of both CPU and GPU together lets determined researchers push the limits 
of local AI, even if their GPU isn’t big enough on its own.

Slide 7: VRAM Requirements by Model Size
When planning to run AI models on GPUs, a critical factor is VRAM (Video RAM, the memory on the 
GPU card). How much VRAM you need depends largely on the size of the model and whether the 
model has been compressed or quantized. Here are some rule-of-thumb requirements for different 
model scales (assuming a popular 4-bit quantization method, Q4, which significantly reduces model 
size while keeping good performance):

• 7B parameter model: Roughly 6 GB of VRAM is needed to load and run a 7-billion parameter 
model in 4-bit precision. This model size (like LLaMA-2 7B or similar) is on the smaller end of 
“large” models and can often run on a consumer-grade GPU. For example, many gaming 
laptops with an RTX 3060 or better have 6GB or more VRAM and could host such a model. 
Without quantization (in full 16-bit precision), the same model might need around 16 GB, so 
you can see how 4-bit compression makes a difference. But with 4-bit Q4 format, 6 GB is a 
good estimate for deployment.

• 13B parameter model: Approximately 10 GB of VRAM is required for a 13-billion parameter 
model (again, if quantized to 4-bit). This is a medium-large model – for instance, LLaMA-2 
13B or similar. To run this, you’d typically need a higher-end consumer GPU; a common 
example is the NVIDIA RTX 3080, which indeed comes in a 10 GB VRAM variant. In fact, the 
slide’s example points out that an RTX 3080 (10 GB) can fit a 13B model. If your GPU has 
only 8 GB, you might struggle with a 13B model unless further compression techniques or 
splitting across devices is used. As a practical scenario, if a biologist wants to use a 13B 
language model to analyze a set of RNA sequences (maybe to classify them or find patterns in 



gene expression descriptions), that researcher should have at least ~10 GB VRAM available so 
the model runs smoothly without memory errors.

• 70B parameter model: These very large models might need 40+ GB of VRAM to run, even 
with 4-bit quantization. A 70B model (like the largest LLaMA or other similar-scale models) is 
pushing the upper end of what’s feasible on a single machine. 40 GB is far beyond any single 
consumer GPU (current top-end consumer GPUs have 24 GB at most). To achieve 40+ GB 
total, typically multiple GPUs are used in parallel – for example, two GPUs each with 24 GB 
could jointly host such a model (the model is split between them). In data center setups, there 
are specialized cards (like NVIDIA A100 or H100) that have 40GB or more, but those are 
enterprise-level. For most people, running a 70B model means using multi-GPU rigs or 
making further compromises (like 3-bit or 2-bit quantization, if workable, or using CPU 
offload). The key point is that the bigger the model, the exponentially heavier the memory 
demand. This is why in earlier slides we mentioned the cost: to run these huge models, labs 
need to invest in multiple expensive GPUs or high-memory specialized hardware.

• Example (contextualizing these numbers): If we consider analyzing a large batch of 
biological data, the hardware needs become concrete. Let’s say we have an application where a 
lab is scanning through thousands of patient RNA sequences using a 13B model to find certain 
patterns or anomalies. A 13B model would run efficiently on something like an RTX 3080, as 
mentioned. This card provides just enough VRAM (10 GB) to load the quantized model fully, 
enabling inference at a decent speed. If one tried to use a 70B model for an even more complex 
analysis (perhaps a model that can reason about entire pathways or large chunks of literature at 
once), they would likely need to set up a server with multiple GPUs (for example, two RTX 
3090s with 24 GB each, giving a combined effective ~48 GB) to host the model. Each added 
GPU increases cost and complexity (you need a compatible motherboard, sufficient power, 
etc.). So there’s a clear trade-off: larger models can offer better accuracy or capabilities, but the 
hardware requirement grows steeply. This example underscores why matching the model size 
to your available hardware is crucial. Many practitioners choose a model size that their 
hardware can comfortably handle, or they invest in compression techniques to make a model fit. 
We will later talk about quantization in more detail, as it’s one key method to reduce VRAM 
needs.

(Aside: VRAM is distinct from your computer’s main RAM. It’s dedicated memory on the graphics card.  
Running out of VRAM often causes the program to crash or slow dramatically, so planning for these 
requirements is essential. Always ensure some headroom – if a model needs ~10 GB and you have a 12 
GB card, that should work, but running a 10 GB model on exactly 10 GB may leave no room for extra 
data or overhead, which could cause issues.)

Slide 8: Image Formats in AI and Biology
Modern AI workflows involve various model and data formats – essentially how models are saved 
and how they are optimized for different hardware. In this slide (presented as a table), we list some 
common formats, their typical use cases, what they’re optimized for, and where they are commonly 



supported. Each format is like a different “language” or container for AI models, and understanding 
them helps in choosing the right tool or converting models for your local environment, especially for 
biological applications where you might move between platforms (e.g., from training on a workstation 
to deploying on a mobile device). Let’s go through each format mentioned:

• GGUF: This is a format primarily used for local LLM inference. GGUF is the successor to the 
earlier GGML format, and it’s designed for running large language models efficiently on CPU 
and on specialized hardware like Apple Silicon. It stands for GPT model Graphical Unified 
Format (often used in the context of llama.cpp and related tools). GGUF files store quantized 
model weights (reduced precision) in a way that’s easy for CPU-based frameworks to load. The 
emphasis is on CPU and quantization optimization. This means if you want to run a big 
model on a computer without a strong GPU – for instance, on a standard PC or a MacBook – 
converting the model to GGUF can be very helpfulionio.ai. It makes the model smaller and 
tuned for CPU execution. Supported platforms include PC (x86 CPUs), ARM devices (like 
Raspberry Pi or some smartphones if tools allow), and Apple Silicon (M1/M2 chips) out of the 
box. In practice, a biologist who has a new LLM they want to try on their Mac can look for a 
GGUF version of that model, which would run natively on the Mac’s CPU cores or GPU via 
Metal, no cloud needed.

• ONNX: The Open Neural Network Exchange (ONNX) is an interoperability format. It’s like 
a “universal” model format that many frameworks can export to and many runtimes can import 
from. ONNX is optimized for deployment on a variety of hardware, especially GPUs and even 
TPUs (Google’s tensor processing units), and it’s widely used in production scenarios. The 
appeal of ONNX is that you can train a model in, say, PyTorch, export it to ONNX, and then 
load it in a different environment that supports ONNX (like a C++ application using the ONNX 
Runtime or on Windows ML, etc.). It provides a standardized graph representation of the 
model. ONNX is supported on Windows, Linux, and cloud platforms, and often hardware 
vendors provide accelerators for ONNX models. For example, if you have a trained image 
classification model and you want to integrate it into a .NET application on Windows, you 
might convert it to ONNX for easy integration. In a biology context, you might train a model 
for cell image analysis in Python, export to ONNX, and then deploy it in a hospital’s clinical 
software which uses the ONNX runtime to evaluate it on patient images. ONNX basically 
makes AI models portable across ecosystems.

• TensorFlow Lite (TFLite): TFLite is a lightweight format from Google’s TensorFlow, aimed at 
mobile and edge devices. It’s optimized for Mobile AI – meaning it’s designed to run 
efficiently on smartphones, tablets, and microcontrollers. TFLite models are typically smaller 
(they often include quantization to 8-bit by default) and the runtime is geared toward limited 
compute and memory. Supported platforms are Android and iOS (there are libraries to run 
TFLite on both, and many Android apps use TFLite under the hood for on-device ML). Also, 
TFLite can run on single-board computers or embedded devices. For example, if you develop a 
model that can identify plant species from a photo, and you want that to work on an Android 
phone app in the field (with no internet), you would convert the model to TFLite and run it on 
the phone’s CPU or even specialized NPUs (neural processing units) that some phones have. In 

https://www.ionio.ai/blog/llms-on-cpu-the-power-of-quantization-with-gguf-awq-gptq#:~:text=For%20CPU,size%20and%20accuracy%20for%20your


a biology lab scenario, you might have a handheld DNA scanner or a portable ultrasound device 
with AI – these often use TFLite models internally so they can operate in real-time on device. 
So TFLite is the go-to for deploying AI when computing resources are constrained and you 
need it directly on the device.

• PyTorch (.pt or TorchScript): PyTorch is one of the most popular frameworks for developing 
AI models (especially in research). Its model files usually come in a .pt extension or can be 

saved as TorchScript (a serialized representation of the model graph). These formats are used 
for research & deployment in environments where PyTorch is available. They are optimized 
for use with PyTorch’s runtime, which can leverage GPUs or CPUs. Supported platforms 
include Linux and Windows (and Mac, though for GPUs Linux/Windows dominate). 
Essentially, if you save a model from PyTorch, you’ll get a .pt file which you can later load in 

PyTorch to run or fine-tune. TorchScript, in particular, allows a model to be saved in a way that 
can be loaded and executed in a C++ environment without the Python overhead, which is useful 
for deploying in production when you still want PyTorch’s capabilities. Many academic and 
industry projects release PyTorch model weights because a lot of practitioners use PyTorch. In 
our context, if someone publishes a new protein-folding model architecture, chances are they 
might release a PyTorch .pt file on a site like GitHub or the Hugging Face Hub. As a user, 

you’d download that and run it using PyTorch on your system (ensuring you meet the hardware 
requirements). PyTorch format is basically the default for many research models and it’s what 
you’d use in your own development before perhaps converting to something else for mobile or 
edge deployment.

• Hugging Face model formats (binary or Safetensors): The Hugging Face Hub often provides 
model weights in either PyTorch’s native format (which might be a .bin file or a collection of 

.bin files) or in Safetensors format. Safetensors is a relatively new format designed to be a 

secure and fast way to store model weights. The issue it addresses is that PyTorch .bin 

(or .pt) files internally use Python’s pickle serialization, which can execute arbitrary code on 
load (a security risk). Safetensors, in contrast, is safe to load because it’s just data, no code. It’s 
also optimized for quicker loading. Many large language models are now distributed as 
model.safetensors files. On the Hub, you often see these for transformer models. These 

formats are used typically with the Hugging Face Transformers library in Python or any 
compatible tooling. They’re common for LLMs and other Transformer models, and they 
ensure that users can download community models with less worry about security. In terms of 
supported platforms: since these are basically data files read by the Hugging Face libraries, 
they’re supported anywhere Python runs (Linux, Windows, Mac, etc.). For example, a lab might 
download a protein sequence analysis model from Hugging Face – the file might be in 
safetensors format. They would then use the Hugging Face API to load it, and behind the scenes 
it either converts to a PyTorch model or uses an optimized inference engine. In short, Hugging 
Face formats cater to those using the Hugging Face ecosystem (very popular in NLP and 
increasingly in other domains). It’s all about making model sharing easy and safe.

• CoreML: CoreML is Apple’s machine learning model format for deployment on Apple 
hardware (iOS, macOS). If you want to include a trained model in an iPhone app, you would 



convert it to CoreML format (.mlmodel file). CoreML is optimized to leverage Apple’s 
hardware accelerators (like the ANE – Apple Neural Engine – present in recent iPhones and 
Macs) and to integrate with Apple’s development frameworks (so you can, for instance, easily 
take a model and run it as part of an iOS app with a few lines of code). CoreML is particularly 
used for AI features inside apps – e.g., a photo app that does on-device image recognition, or a 
health app that does some analysis on sensor data. In the context of biology, if someone 
developed an app for doctors that diagnoses skin lesions from photos using AI, they would 
likely use a CoreML model so that everything runs on the iPhone or iPad locally (ensuring 
privacy and real-time performance). CoreML supports a wide range of model types (neural 
networks, tree ensembles, etc.), and Apple provides conversion tools from PyTorch, 
TensorFlow, or ONNX into CoreML. Essentially, CoreML is the bridge to run AI on Apple’s 
ecosystem seamlessly, taking advantage of the devices’ optimized hardware.

• TensorRT: TensorRT is an inference engine and format by NVIDIA, aimed at high-
performance GPU inference. With TensorRT, you take a trained model (from PyTorch, 
TensorFlow, etc.), feed it into TensorRT which will optimize and compile it specifically for 
NVIDIA GPUs. The result is an engine that often runs significantly faster, because TensorRT 
applies optimizations like layer fusion, precision lowering (FP16 or INT8 with calibration), and 
uses the fastest kernels for the specific GPU. The format is typically not a human-readable one; 
it’s a serialized engine that runs only on the same type of GPU it was built for. The supported 
platforms are basically systems with NVIDIA GPUs (often used in servers or edge devices like 
the NVIDIA Jetson series). In practice, if a bioinformatics pipeline needs to analyze thousands 
of MRI images quickly with a neural network, the deployers might use TensorRT to squeeze 
maximum throughput from their GPU server. It’s very popular in industry for deploying models 
at scale (for example, a cloud service might use TensorRT behind the scenes to serve AI 
predictions faster and more cost-effectively). In a local context, if you have an NVIDIA GPU 
and you need blazing-fast inference, you might convert your model to a TensorRT engine. Just 
note that once in TensorRT format, the model is somewhat a black box tied to that hardware – 
but it will run extremely efficiently for AI workloads.

• JAX/Flax (and XLA): JAX is a high-performance machine learning library from Google, and 
Flax is a neural network library on top of JAX (similar to how PyTorch has nn modules, Flax 
has its own). JAX uses the XLA (Accelerated Linear Algebra) compiler to generate optimized 
code for various hardware. It’s particularly known for its ability to run on TPUs (Google’s 
Tensor Processing Units) and for very fast array computations. When the slide references 
JAX/Flax, it’s highlighting high-performance ML with a focus on TPU and cloud. Many 
cutting-edge research models (like Google’s latest large models) are developed in JAX because 
they can utilize huge TPU pods. For local use, JAX can also target GPUs (and even CPUs), but 
the full benefit is seen on Google’s infrastructure. In terms of format, JAX doesn’t have a single 
standard file like “.jax”; often you save checkpoints which are basically numpy arrays of 
weights. But the key point here: if you encounter a model released in JAX/Flax, you might need 
to run it with JAX library, possibly on specialized hardware for full speed. Google Cloud offers 
TPU access where JAX models can shine. In biology, some large-scale modeling (like whole-
genome language models or protein interaction simulations) could be done in JAX for 



performance reasons. If those models are to be run locally, one might have to convert them to 
another format or use JAX on local GPU. JAX is about cutting-edge speed and research, but it’s 
less commonly used for end-user deployment on personal devices.

• MLIR: Stands for Multi-Level Intermediate Representation. This is more of a compiler 
technology than a user-facing model format. MLIR is part of the LLVM compiler infrastructure, 
extended by Google to better optimize machine learning computations. It allows representing 
ML computations in a way that multiple types of backends (CPU, GPU, ASICs, etc.) can be 
targeted via compilation passes. The mention of MLIR in the slide suggests compiler-level 
optimization for hardware-specific AI. Essentially, instead of a model being bound to one 
framework’s runtime, MLIR can help turn the model into highly optimized code for a given 
hardware architecture. It’s a bit technical, but it’s an emerging approach to squeeze more 
performance by compiling models similarly to how we compile programs. In practice, you 
might not directly handle MLIR as a biologist, but you would benefit from tools that use it 
under the hood. For example, TensorFlow 2 uses MLIR in some of its optimizations; likewise, 
there are projects to compile trained models into C++ code or into FPGA designs using MLIR-
based pipelines. So MLIR is part of the future where AI frameworks generate low-level 
optimized code for whatever device you have – potentially leading to very efficient local AI on 
novel hardware. For our purposes, just know it’s about compiler tech in AI.

• Caffe: Caffe is an older deep learning framework (originally released in 2014 from Berkeley 
Vision and Learning Center). It was very popular especially for CNNs (Convolutional Neural 
Networks) in the mid-2010s. Many early computer vision models (like early image classifiers) 
were built in Caffe. The slide includes it as a legacy format – “Older AI models, CNNs”. Caffe 
models usually come as a pair of files: a .prototxt defining the model architecture and a 

.caffemodel file with the learned weights. Platforms: Linux and Windows are supported 

(Caffe is written in C++). While Caffe isn’t much used for new projects today (most people 
switched to TensorFlow or PyTorch), there is a lot of historical research in Caffe, and some 
industrial applications might still run Caffe models for things like image processing. In biology, 
if you came across a 2015-era model for, say, cell image segmentation or protein classification, 
it might have been released in Caffe format. You’d then either use Caffe to run it or convert it to 
a newer format. Caffe is highly optimized for vision tasks on CPU/GPU and had the advantage 
of being quite straightforward for those specific use-cases. It doesn’t integrate as well with 
newer architectures like transformers. It’s included likely for completeness and for those who 
might encounter it when digging through literature. Essentially, think of Caffe as historical 
groundwork – many modern models trace lineage to Caffe implementations, but nowadays one 
would rarely start a new project in Caffe.

In summary, this array of formats shows that AI models can be packaged in different ways 
depending on how and where you want to use them. As someone deploying AI locally, you might 
juggle a couple of these: for example, using PyTorch or Hugging Face format during development, 
converting to ONNX or TFLite for deployment on an edge device, or using GGUF to run a large model 
on CPU. In a biology lab context, you might analyze data on a workstation with a PyTorch model, then 
want a mobile app for fieldwork (using TFLite/CoreML), and maybe optimize server-side analysis with 



TensorRT on a GPU cluster. Knowing the basics of these formats helps in planning those transitions 
and ensuring compatibility across platforms.

(Note: If any of these acronyms are unfamiliar, it might be useful to jot them down. They often come up 
in documentation – e.g., “export your model to ONNX for deployment” or “a safetensors version is 
available on Hugging Face”. Don’t worry, you don’t need to master each one; just recognize their 
roles.)

Slide 9: LLaMA Model Overview
Let’s now discuss some specific AI models that are influential and often considered for local 
deployment. We start with LLaMA, which is a family of language models:

• Creator and Background: LLaMA was created by Meta AI (formerly known as Facebook AI 
Research). The name stands for “Large Language Model Meta AI”. It was first announced in 
early 2023 and gained a lot of attention because Meta released the model weights (for research 
use) openly, which was a huge deal for the community. LLaMA models come in various sizes – 
notably 7B, 13B, 33B, and 65B parameters in the original LLaMA release, and later an 
improved LLaMA-2 was released with similar size variants (and an even larger 70B version). 
These numbers refer to how many parameters (weights) the model has; more parameters 
generally allow a model to capture more complex patterns but require more compute. LLaMA’s 
architecture is similar to GPT-3 in that it’s a Transformer-based language model. It has roughly 
a 4k token context window, meaning it can take about 4,000 tokens (words or subwords) as 
input at once, which was standard for models of that time. Out of the box, LLaMA is a general-
purpose foundation model – it’s trained on a broad corpus of text (things like books, 
webpages, code, etc.) to predict text, but it’s not specialized to any single task. Initially, it 
wasn’t conversation-tuned. However, many researchers fine-tuned it for chat or specific tasks, 
giving rise to models like Alpaca, Vicuna, etc., based on LLaMA. Meta’s release included a 
version fine-tuned for dialogue (especially in LLaMA-2, where they have a “chat” model 
variant).

• Features and Usage: LLaMA is known for its strong performance on natural language tasks 
relative to its size – the 13B LLaMA, for example, was found to perform on par with much 
larger models from earlier generations. This efficiency made it widely used as a base model for 
specialization. Developers realized they could take LLaMA and fine-tune it on specific datasets 
to create conversational agents, coding assistants, or domain-specific experts. In the context of 
local AI, LLaMA (especially the 7B and 13B versions) became very popular because they could 
be run on consumer hardware (like a single GPU) and yet provided sophisticated capabilities. 
It’s a scalable model family – you pick the size that fits your needs and hardware. The 7B is 
fast and light but less knowledgeable; the 65B is heavy but quite powerful in understanding. 
Because Meta open-sourced (or “open-released”) it, there’s a large community and many 
variants. In summary, LLaMA’s hallmark is high performance for its scale and flexibility in 
fine-tuning. It has strong language understanding and generation abilities, making it suitable for 



everything from answering questions to generating summaries or engaging in dialogue, once 
properly tuned.

• Biology Application (Example Use Case): Suppose you have a large body of biomedical text – 
say all the reports from a series of clinical trials, or a collection of lengthy scientific papers in a 
specialized field like cancer research. You want to summarize these or query them for insights. 
A medium-sized LLaMA model (like LLaMA-2 13B Chat) is a good candidate to deploy 
locally for this task. Why medium-sized? It balances quality and resource demand; 13B can 
often capture a lot of the nuance in language and give coherent summaries, but it still fits on a 
single decent GPU with 12–16 GB VRAM after some optimization. You could fine-tune such a 
model on medical text to improve its grasp of clinical terminology. Once deployed, you can 
feed a full clinical trial report (which might be a few thousand tokens) into the model and ask it 
to produce a summary or answer questions about the report. The 4k token context window 
means it can handle fairly long documents in one go. Researchers have indeed tried using LLMs 
like this to summarize medical literature, patient records, or guidelines. The advantage of 
doing it locally with LLaMA is that patient data or proprietary documents remain in-house. And 
LLaMA’s strong base performance means the summaries would be quite accurate and useful, 
given some domain fine-tuning. So, in a practical scenario, a lab might deploy “LLaMA-2-13B-
Chat” on an internal server and have it act as an assistant: you give it a chunk of a medical text 
and it returns a condensed summary or highlights key points (like outcomes, methodology, etc.). 
This helps scientists or clinicians stay informed without reading every page in full detail. 
Overall, LLaMA serves as a versatile backbone for local text processing in biology when you 
need a model that’s both competent and self-hosted.

(To note: LLaMA’s openness spurred a wave of innovation in 2023 and 2024 – many local AI setups 
that we’ll discuss later, like certain web UIs or optimization libraries, were originally built around 
running LLaMA models efficiently.)

Slide 10: Gemma Model Overview
Next, we have Gemma, which represents a model family with a focus on lightweight efficiency:

• Creator: Gemma is attributed to Google DeepMind. As of now, Gemma is not a widely known 
public model name – it might be a hypothetical or internal project name for the sake of this 
presentation. But let’s assume it’s a family of models developed by the AI experts at Google’s 
DeepMind division, known for cutting-edge research. The emphasis of Gemma is on being 
lightweight and optimized, likely reflecting DeepMind’s exploration into models that can work 
on the edge.

• Model Features: The Gemma family is described as typically in the 2B–7B parameter range, 
which is relatively small compared to giant models. This immediately implies that Gemma 
models are designed for scenarios where computing resources are limited or where speed and 
low memory usage are priorities. We hear that it’s optimized for efficiency and edge devices – 
meaning Gemma can run on less powerful hardware (perhaps even on a high-end smartphone, a 
Raspberry Pi, or a single CPU without GPU) while still delivering useful performance. 



Achieving this balance usually involves architectural optimizations (maybe Gemma has a leaner 
architecture or uses compression techniques by default) and careful training to not waste 
parameters. The idea is it balances speed and accuracy – it won’t be the absolute best in 
accuracy because of its smaller size, but it gives you good enough results quickly and without 
much power draw. The text suggests minimal power usage, so possibly this model could be 
deployed on battery-powered devices or in large numbers without overwhelming electricity 
costs.

• Use Cases: Because of its efficiency, Gemma sounds ideal for “edge intelligence”. Think of 
scenarios where you want AI but can’t rely on a giant server: maybe environmental sensors in 
the wild, portable medical devices, or personal electronics. Gemma might sacrifice some 
sophistication in understanding in order to run fast on modest chips. For example, a 2B 
parameter model can sometimes even run on a CPU at a reasonable speed, or certainly on a 
small GPU like those in mobile or embedded systems. It’s versatile in that sense – maybe not 
solving the hardest puzzles, but very practical for everyday or in-the-field tasks.

• Biology Application (Example Use Case): The slide gives a compelling scenario: using 
Gemma on portable devices for field research. Imagine an outbreak investigation in a remote 
area – researchers are trying to identify genomic variants of a pathogen on-site because sending 
data to a distant lab or cloud might be too slow or insecure. With a laptop or even a specialized 
handheld genomic sequencer, a compact Gemma model could be loaded to perform initial 
analysis of the genomic data. Concretely, suppose they have a pocket DNA sequencer that 
generates data about a virus’s genome. A Gemma model might be fine-tuned to do variant 
calling, which means identifying mutations or significant genetic variants compared to a 
reference. Since it’s lightweight, it could run on the device itself or a small accompanying 
computer without needing a datacenter GPU. The researchers would get quick answers like 
“This sample has these key mutations that are known in dangerous strains” right there in the 
field, rather than waiting to upload data over perhaps slow satellite internet and then waiting for 
a cloud analysis. Another possible use: environmental biologists carrying a drone or sensor kit – 
they could use Gemma to analyze data like water quality readings or species recognitions in 
real-time. The key point is Gemma’s efficiency enables AI in places and times where big 
models can’t go. It provides a form of intelligence at the edge, which is increasingly important 
in both biology and medicine (think of rural clinics that could use AI diagnostics offline, or 
wearable health monitors with built-in AI). So, Gemma demonstrates that not all useful AI has 
to be massive; sometimes a smaller model that runs right where you need it is far more valuable.

(In summary, Gemma-like models remind us that bigger isn’t always better for practical use. 
Especially for global health or field biology, a model that’s “good enough” and runs on a solar-
powered laptop can have more impact than a perfect model that only exists in a cloud server.)

Slide 11: Mistral Model Overview
Now let’s consider Mistral, which is characterized as a high-performance model with an innovative 
architecture:



• Creator: Mistral is developed by Mistral AI, described here as an emerging AI startup. (In 
reality, as of 2023, Mistral AI is indeed a new startup that released a 7B model, but let’s focus 
on the info given.) This suggests Mistral is at the forefront of novel model design, possibly 
competing with big players through clever techniques rather than sheer size.

• Model Features (Mixture-of-Experts architecture): Mistral is noted as a “cutting-edge 7B 
parameter model” that uses a Mixture-of-Experts (MoE) architecture. MoE is an approach 
where instead of one monolithic neural network, you have multiple “experts” (which are like 
sub-networks, each expert might itself have millions or billions of parameters), and a gating 
network that decides which expert(s) to use for a given input. The slide says “8×7B in some 
configurations” – implying that in one configuration, Mistral has 8 expert subnetworks each of 
7B parameters, effectively leveraging up to 56B parameters total, but not all experts are active 
for each query. This way, for any given piece of input text, only a few of those experts are 
consulted, so the model can behave like a much larger model in specialized ways without the 
full computational cost every time. This architecture is complex but it aims to get the best of 
both worlds: high capacity and faster inference (since any single pass might only engage a 
fraction of the model).

• High Throughput and Low Latency: The design choice of MoE suggests Mistral prioritizes 
throughput (handling many tokens or queries per second) and low latency (responding 
quickly). The text confirms this: Mistral is engineered for fast processing of large volumes of 
data. Possibly Mistral can handle multiple requests in parallel efficiently, or just churn through 
text at a high speed (one example claim: the slide earlier, in benchmarking, alluded that 
Mistral-7B can output ~25 tokens/sec on a given hardware, faster than a standard dense model 
of similar size). Mistral likely has excellent language understanding capabilities as well, given 
that it’s described as performing excellently in benchmarks. So even though any one expert is 
7B (like a baseline capability), the combination gives it an edge, and careful training makes it 
very good with language tasks.

• In summary, Mistral is a sophisticated model that tries to maximize performance on both 
speed and quality by architectural innovation rather than brute force size. This can be 
particularly valuable in local deployments because it could deliver near large-model accuracy 
with only moderate hardware, provided the software supports MoE parallelism (which can be a 
bit more involved to run).

• Biology Application (Example Use Case): The slide imagines scenarios needing real-time 
predictions, and it gives two examples. First, consider a hospital using Mistral to evaluate 
drug–drug interaction risks. In a busy hospital, doctors might want to quickly check if a 
combination of medications prescribed to a patient could produce dangerous interactions. A 
model like Mistral could be integrated into the hospital’s electronic medical record system: a 
doctor enters the medications, and the AI (running on the hospital’s server) quickly processes 
this query and returns an analysis or a warning if a risk is detected. Because Mistral is high-
throughput, it could handle many such queries from different doctors simultaneously with 
minimal lag – something a slower model might struggle with in real time. Quick evaluation is 
critical in settings like an emergency room or ICU where decisions are time-sensitive. The 



second example: a research team using Mistral to scan literature during a crisis. Picture the 
early days of a disease outbreak (like we had with COVID-19) – scientific papers and reports 
are coming out rapidly and globally. Researchers trying to keep up could deploy Mistral to 
continuously ingest new articles and pull out relevant information (e.g., “find all mentions of 
potential antiviral compounds and what their results were”). Mistral’s speed allows it to handle 
multiple queries per second, meaning it could sift through a large database or stream of text 
very quickly. Its strong language understanding means it can catch nuanced details in those 
documents. In an evolving situation, that real-time edge can be crucial: the team might literally 
make decisions or hypotheses based on what the model finds in literature on the fly. Mistral’s 
ability to rapidly process large volumes of data makes it well-suited for this dynamic, high-
pressure scenario.

To generalize, Mistral excels when you have lots of data or requests and need answers fast. In 
biology, beyond the given examples, this could include things like scanning through genomic 
sequences for motifs in real time (if Mistral were adapted for sequence data), or monitoring and 
summarizing a flood of patient data in a clinical trial as it comes in. The MoE architecture also hints at 
specialization – possibly one expert might specialize in chemistry language, another in clinical 
language, etc., making it adept across different subdomains. For the user, though, it appears as one 
model that just responds very efficiently.

(Note: running MoE models can require more complex software that can dispatch data to the right 
expert. In a local setup, this might mean multi-threading or multi-device coordination. But from a high-
level perspective, the key is that it’s optimized for speed at scale.)

Slide 12: Qwen Model Overview
Moving on to Qwen (pronounced like “quinn”), which is a model known for its versatility, especially 
with languages:

• Creator: Qwen is developed by Alibaba Cloud’s research division. Alibaba, being a large 
tech company, has invested in AI research especially for applications that involve multilingual 
support (since their services cater globally and particularly to Chinese users as well as English 
and others). Qwen can be seen as Alibaba’s entry into the large model arena, aiming to compete 
with models like GPT or LLaMA but with some unique strengths.

• Model Features: The standout feature of Qwen is its multilingual support and fine-
tunability. The slide notes that Qwen comes in various sizes from 1.8B up to 72B parameters. 
That’s a wide range, meaning Qwen isn’t a single model but rather a family like others we’ve 
seen, with smaller versions for lightweight uses and a very large one (72B) for maximum 
performance. The architecture likely scales in a way similar to other Transformer models but 
trained with a focus on handling multiple languages effectively. Many standard models (like 
original GPT-3 or LLaMA) were primarily English-focused because of the data sources. Qwen, 
by contrast, is explicitly multilingual, likely trained on large corpora of Chinese, English, and 
possibly other languages (perhaps Arabic, Spanish, French, etc. – typical for a global use-case 



model). This makes it particularly valuable in contexts where information isn’t all in one 
language.

• Fine-tunability: Qwen is described as highly fine-tunable. That suggests the model might 
have been developed with an architecture or pre-training regime that makes adapting it to new 
tasks or domains easier (for example, maybe it has versions with low-rank adaptation (LoRA) 
hooks, or just that it responds well to additional training). This is great for users because if you 
have a specialized task (like analyzing biological texts), you could take Qwen and fine-tune it 
on your specific corpus relatively easily, confident that it will adapt.

• Performance: It offers competitive performance on standard NLP tasks – meaning it’s up there 
with other big models in general benchmarks. And it’s particularly known for handling 
input/output in multiple languages. For instance, you could prompt it in English and get an 
answer in English, or prompt in Chinese and get an answer in Chinese. It likely also can 
translate or mix languages within a session. This is a major advantage in a globalized research 
environment or any scenario where sources are not monolingual.

• Biology Application (Example Use Case): The slide gives the idea of a global or cross-
disciplinary research setting. Think of an international team of scientists – some papers or 
reports they need to consider are published in Chinese, others in English, maybe even some in 
other languages. Normally, you might have to translate those or have bilingual team members. 
With Qwen, you could have one model handle both seamlessly. For example, a researcher could 
feed a Chinese research paper into Qwen and ask for a summary in English, or vice versa. 
Qwen’s multilingual prowess would allow it to understand the Chinese text and express it in 
English (or any combination), essentially acting as a scientific translator and summarizer. This 
can dramatically speed up literature reviews when dealing with international publications. 
Moreover, within the same model, you could then ask questions about an English paper and a 
Chinese paper and Qwen might reason about both collectively (something that would be hard if 
you had separate models per language).

Another scenario: In genomics or proteomics, a lot of data and publications might come from different 
countries. Qwen could be fine-tuned on biomedical text in multiple languages, resulting in a single 
assistant that a scientist can query about any study regardless of its language of origin. For instance, 
“Explain the findings of this Japanese genome study” – Qwen could digest the Japanese text and 
output an explanation in English.

Additionally, Qwen’s fine-tunability means if you have a bilingual dataset (like a set of lab protocols in 
English and Chinese), you can fine-tune Qwen to be a cross-language QA system specifically on that 
data. A scientist could then ask, in English, something that was only written in a Chinese document, 
and get an answer – the model internally uses its multilingual ability to fetch the info.

Finally, the note about “understanding complex, nuanced text (potentially in different languages)” is 
relevant to biology because biological literature is often very jargon-heavy and detail-rich. Qwen’s 
training likely included technical domains to handle that. So it’s handy for genomics/proteomics 
projects where perhaps you have to read papers from around the world – Qwen can help bridge 
language gaps and ensure nothing is missed due to language barriers.



In summary, Qwen is your multilingual expert, making it extremely useful in a field like biology that 
is international by nature (think of global collaborations, WHO reports, etc.). Running Qwen locally 
means you have an in-house translator-summarizer-research assistant that respects your data privacy 
(since everything stays on your machine). It truly shines in scenarios with multilingual data integration 
or when creating tools for communities that require languages beyond English.

(On a technical note: the smallest Qwen at 1.8B might even run on CPU or mobile devices, while the 
largest 72B would need heavy hardware. So users can choose depending on their needs. It’s cool that 
one family covers such breadth.)

Slide 13: Deepseek Model Overview
The last model in this overview is Deepseek, which appears to be a model specialized in deep analysis 
and retrieval tasks:

• Creator: Deepseek is from DeepSeek Inc., which suggests a dedicated team focusing on 
bridging deep learning and data mining. The name hints at “seeking deeply” through data, 
which aligns with the described features.

• Model Features: Deepseek is characterized as an information retrieval and reasoning 
specialist. It comes in sizes from roughly 1.3B up to 67B parameters, indicating again a 
family of models for different scales of deployment. The core idea is that Deepseek is designed 
to pull out relevant details from large datasets and answer complex queries about them. 
This is a bit different from a general conversational model: Deepseek likely has architectures or 
training regimes that make it good at searching within data, maybe using embeddings or search 
indexes internally, and then reasoning on the results it finds. In other words, it might combine 
an LLM with a retrieval mechanism (sometimes called a “Retriever-Reader” system). Or it 
could be a model trained on extremely large knowledge bases so that it inherently learned how 
to sift through facts.

• Trade-offs: It “trades a bit of speed for better comprehension of complicated input.” So 
compared to something like Mistral, Deepseek might be slower (maybe its architecture doesn’t 
prioritize high tokens/sec; perhaps it does more processing per token or uses more context or 
more internal steps). But the payoff is that it understands complex, nuanced queries or data 
much better. That’s valuable when correctness and depth of understanding are more important 
than quick reflexes. For example, if given a complicated biomedical question, Deepseek might 
take a bit longer to formulate an answer, but that answer could be more accurate and have 
drawn from subtle clues in the input data that a faster model might have glossed over. This 
suggests Deepseek was trained or fine-tuned on tasks requiring multi-step reasoning, 
summarization of lengthy texts, or Q&A where the answer requires piecing together information 
from different parts of a text.

• Use cases: It’s ideal for analytic tasks – think of situations where you have a ton of data (like a 
whole database of scientific experiments, or a large text like a book or lengthy report) and you 
want the model to extract meaning or find patterns. Deepseek likely can ingest a lot of context 



and work through it methodically. It might be the kind of model that would score well on open-
domain QA benchmarks or multi-hop question benchmarks where the answer isn’t directly 
stated but requires linking facts.

• Biology Application (Example Use Case): The scenario given is very exciting for researchers: 
using Deepseek to assist in hypothesis generation and data mining from massive biological 
databases. For instance, imagine you have a huge gene expression dataset – maybe all the genes 
expressed in various conditions for thousands of samples (this could be millions of data points). 
A researcher might want to see if there are hidden patterns, like “which genes tend to be co-
expressed and could relate to a certain metabolic pathway?” Normally, you would use statistical 
methods or manual curation, but Deepseek could comb through such a dataset and propose new 
hypotheses. Perhaps it identifies that a set of genes that no one thought were related actually 
show a similar expression pattern when a certain nutrient is limited, hinting they might be part 
of the same pathway. Or it could find a correlation between a protein interaction network and 
gene expression changes that suggests a novel regulatory mechanism. The slide suggests 
Deepseek finds things “a smaller or less specialized model might miss”. This is crucial – it 
implies Deepseek has a depth of analysis that goes beyond surface-level trends.

Another concrete use: If you fed Deepseek all known research papers or a large subset of them and 
asked, “What are some potential connections between gut microbiome metabolism and neurological 
disorders that haven’t been explored much?”, it might retrieve various pieces of evidence scattered 
across papers and reason that certain metabolic byproducts are mentioned in both contexts, thus 
hypothesizing a link. That’s the kind of cross-dataset, cross-publication insight that can spark new 
research directions.

Deepseek’s retrieval strength also means if you have a knowledge base (like a curated set of facts, say 
all known protein-protein interactions or all gene-disease associations) and you ask a question, 
Deepseek could pinpoint the relevant bits quickly and assemble an answer. For instance, “Find any 
relationship between gene X and metabolic pathway Y” – it could retrieve any data lines connecting the 
two indirectly and give you an answer like “Gene X is involved in pathway Y through enzyme Z 
according to dataset Q”.

In summary, Deepseek is like an AI research assistant that excels at digging through mountains of 
data to find gold nuggets of insight. It might not respond as instantly as a simpler model, but when 
you have a tough, detail-heavy problem, it’s the model you’d rely on for a thorough and accurate 
answer. In a local deployment, a biology institute might run a large Deepseek model on a powerful 
server, dedicated to analyzing their proprietary datasets or reading all new journal articles, thereby 
continuously generating hypotheses or answers to researchers’ complex questions without risking data 
leakage to outside services.

(One can think of Deepseek as combining natural language understanding with something like a 
search engine’s breadth. It’s particularly relevant now as data-centric discovery is a hot area: we have 
so much data that tools like this are necessary to make sense of it all.)



Slide 14: Benchmarking Model Performance
After introducing various models, it’s important to understand how we compare them and choose the 
right one for a task. This slide addresses benchmarking performance on several dimensions. When 
you deploy AI models locally, you often have to trade off between speed, accuracy, and resource usage. 
Let’s break down each aspect:

• Speed (Throughput/Latency): Different models generate output at different speeds. 
Throughput typically refers to how many tokens (or how much data) a model can process in a 
given time, often measured in tokens per second for generation tasks. Latency is the time to get 
a response for a single query. Generally, smaller or more optimized models can generate text 
much faster. For example, as mentioned, Mistral-7B might output ~25 tokens/sec, whereas 
LLaMA-2-7B might do ~18 tokens/sec on the same GPU. This means Mistral (with its 
optimized architecture) can be almost 40% faster in that scenario. In practice, if you’re building 
a real-time system (say a live chatbot for lab support, or an interactive analysis tool that should 
feel responsive), these differences matter. A difference of 7 tokens/sec could be the difference 
between a half-second pause and nearly a full second pause for each sentence, which affects 
user experience. When we say “in latency-critical tasks, that difference matters,” consider 
something like a clinical decision support tool that doctors talk to; faster response might 
improve adoption and workflow. So when benchmarking, you would measure each model’s 
output speed on your hardware – sometimes a smaller model or a well-optimized one is 
preferable if you need quick results, even if it’s slightly less clever. Conversely, if speed is less 
important than quality, you might choose a slower model that provides better answers.

• Accuracy (Quality of Output): Accuracy can mean a few things depending on the task – for a 
Q&A or reasoning task, it’s whether the model’s answers are correct or useful; for a text 
generation task, it might be coherence or relevance. Larger models or those specifically fine-
tuned for a domain often achieve higher accuracy on complex questions. The slide’s example: 
a 67B Deepseek model outperforms a 7B Gemma model on a biology Q&A benchmark. 
That’s not surprising – the Deepseek has many more parameters and possibly specialized 
training, so it can capture subtleties and recall more knowledge than the much smaller Gemma. 
It likely gives more precise and detailed answers to detailed scientific queries, whereas the 7B 
might give a more generic or less accurate answer or even miss the point. In a benchmark, this 
would show up as a higher score (like answering, say, 85% of questions correctly vs. 60%). So, 
if your use case is something like detailed analysis or critical decision-making, you would lean 
toward a model known for higher accuracy, even if it’s bigger and slower, because correctness is 
paramount. On the other hand, for a simple task (like a straightforward text classification or a 
FAQ bot), a smaller model might already be sufficiently accurate, and using an overly large 
model would be overkill. Benchmarks help quantify these differences by running each model on 
test sets and scoring them, guiding you to pick an appropriate size/type.

• Memory Efficiency (Resource footprint): This relates to how much VRAM (for GPU) or 
RAM a model uses and how well it utilizes that memory. Some models are inherently more 
memory-friendly. The example given: Qwen-1.8B uses only ~3 GB VRAM when running, 



which is very modest – that can run on almost any modern GPU or even on integrated graphics 
possibly. This means it’s easy to deploy on older lab PCs or standard laptops, which often have 
around 4GB or 8GB GPU memory if they have a GPU at all. In contrast, a 70B model might 
need tens of GBs of VRAM, which as we discussed is only available on expensive hardware or 
multi-GPU setups. When choosing a model, researchers must consider this because it’s not just 
the model’s brainpower, but whether you can actually run it on the machines you have. Memory 
efficiency can be improved with quantization techniques (which we’ll cover soon), but inherent 
differences remain. For example, an older architecture might not scale as well and use more 
memory overhead per parameter. Or some models have longer context windows which also 
consume more memory per token of input. If you have an older GPU (say a GTX 1080 with 
8GB VRAM) and you want to run an AI assistant, Qwen-1.8B could be a viable choice whereas 
a 70B model is completely impossible on that hardware.

The note in the slide emphasizes that researchers must balance speed, accuracy, and resources. This 
is a fundamental trade-off:
- If you want higher accuracy, you lean towards larger or specialized models, but you pay in terms of 
needing more VRAM and experiencing slower responses.
- If you need fast responses or have limited hardware, you lean towards smaller or optimized 
models, but you accept that some answers might be less detailed or occasionally less accurate.
- Memory (and compute) is the limiting factor that often forces your hand – you can’t even consider a 
model that won’t fit in your hardware’s memory. So you either upgrade hardware or choose a smaller 
model or use techniques to shrink the model.

When benchmarking, you often create charts or tables comparing models on tasks (accuracy metrics) 
and note their inference speed and memory use on a given hardware. Such a benchmark might show, 
for instance, that Model A (7B) has 90% of the accuracy of Model B (70B) but runs 5x faster and fits 
on a single GPU – that might be a worthwhile trade for many applications. In a biology lab scenario, if 
you’re doing automated data analysis overnight, maybe speed isn’t crucial but accuracy is – then you 
schedule a big model to run and wait longer for better results. If you’re doing something interactive in a 
lab meeting, you might pick a faster, lighter model to get instant outputs to discuss, even if they’re a bit 
rough.

So the takeaway: Choosing the “right” model involves benchmarking and understanding these 
trade-offs. There is no single best model – it depends on your specific needs and constraints. That’s 
why we introduced various models (Gemma, Mistral, Qwen, etc.) – each shines in a different balance 
of these criteria. As you plan a local AI deployment, you might test a couple of models to see which 
gives an acceptable accuracy while meeting your speed and memory limits. And with the community’s 
help, often you’ll find people have benchmarked popular models on common hardware which can 
guide your decision.

(In the hands-on sense: one might run a small test of each model on typical queries or tasks and 
measure how long it takes and whether the answers are correct. Do this offline before committing to 
one model in production. It’s analogous to testing lab equipment – you want the tool that gets the job 
done within your timeline and budget.)



Slide 15: What Is a Token?
Before we delve further into usage and settings for these models, it’s key to understand some 
fundamental terminology. One such term is “token.” It’s fundamental to how language models operate.

• Definition of a Token: A token is essentially the smallest unit of text the model deals with at 
one time. It’s not exactly a character, and not always a full word; it’s often a piece of a word or 
a short sequence of characters. Think of tokenization as the model’s way of chunking text. For 
example, simple words might be tokens by themselves (“the”, “and” could be single tokens). A 
longer word might be broken into multiple tokens if it’s rare or complex. As the slide says, it 
could be a whole word, part of a word, or just a character. Each model comes with its own 
tokenizer – a system that knows how to break text into tokens and how to reassemble tokens 
into text.

• For instance, “DNA” might count as one token in a model’s vocabulary because “DNA” 
is a very common sequence of characters (it’s likely stored as one piece).

• Meanwhile, a word like “sequencing” could be split into two tokens: maybe “sequen” 
and “cing” (just as an example) because that exact sequence might be broken into more 
common sub-parts. Some tokenizers are subword-based (like BPE – Byte Pair 
Encoding), which means they try to break text into the most common subword units. In 
English, they often split at prefixes, suffixes, or compound word boundaries.

As another example, a complex term like “neurotransmitter” might be tokenized as “neuro” and 
“transmitter” (two tokens), since “neuro” appears in many words. Or conversely, if the tokenizer 
has “neurotransmitter” as a single entry (less likely unless it’s common in the training data), it 
might be one. Similarly, punctuation and spaces may be tokens or part of tokens.

• Why tokens? Language models operate by processing these tokens sequentially. They don’t 
actually “see” input as a raw string of characters; first the text is converted into tokens (numbers 
corresponding to words or fragments) – that’s the input to the model. The output the model 
gives is also in tokens (numbers that map back to text fragments) which are then concatenated 
to form the response.

• Impact of Tokens on processing: The number of tokens is important for a couple of reasons. 
First, processing time: more tokens means the model has to do more steps (it processes one 
token’s worth at a time in generation, and attention involves pairwise interactions between 
tokens in input). So a longer input or output (measured in tokens) results in more computation. 
If you double the tokens, roughly you double the processing time (though some optimizations 
exist). Second, memory usage: the model’s memory use scales with the number of tokens 
because it needs to hold internal representations for each token (especially in the self-attention 
mechanism which compares every token to every other token in the context). So there’s a 
practical limit (the context window we mentioned earlier) and also a computational cost.

• More tokens = more computational work: In general, yes. If you have a long document to 
feed in, that’s many tokens, and the model will take proportionally longer to read and analyze it. 
Similarly, if you want a long output (like generating a full report), the model is generating one 



token at a time – each new token requires calculating probabilities for the entire vocabulary and 
sampling – that’s heavy computation iterated for each token. That’s why models might generate 
at, say, 20 tokens per second; if you need a 200-token answer, it takes ~10 seconds.

• Memory Example from Slide: It cites a biology example: a “genomics report of 10,000 
tokens (several pages of text) might require roughly 5 GB of RAM to load into a model’s 
context”. That figure gives a sense of scale – 10,000 tokens is quite a lot (for reference, 10k 
tokens is roughly 7,000-8,000 words, maybe ~15-20 pages of text). Not all models can even 
handle 10k tokens at once (it exceeds a 4k context window, but some newer models allow 8k, 
16k, or more). But suppose you have a model that can, the internal representation (especially if 
16-bit floats are used, etc.) can indeed use multiple gigabytes just to store that context during 
processing. This matches with anecdotal data: if you try to prompt some large models with near 
their max context, you see memory usage spike significantly.

This is why we often need to optimize token usage. If you have a very long document, you 
might not feed it all at once; you might summarize it in chunks or retrieve only relevant parts to 
feed in (like using an external search to cut down context needed – known as retrieval-
augmented generation, an approach Deepseek might use internally). Alternatively, you may use 
a model with an extended context window specifically designed to handle many tokens (but 
those often require more VRAM or are slower).

• Practical Guidance: When using models, you will often convert characters to tokens using a 
provided tokenizer. You should be mindful of how many tokens your input + output might be, 
because:

• There’s a limit (if you exceed the context length, the model can’t handle it and will 
truncate or fail).

• It directly affects speed and memory.

One interesting tidbit: common words in English usually are one token (“the”, “is”, etc.), but 
uncommon words or long numeric strings, etc., can explode into many tokens. For example, an entire 
DNA sequence of ACGT might ironically become 1000 tokens for 1000 characters if not using a 
specialized tokenizer, because the model might not have “ACGT” as one token and might break each 
letter or a few letters separately. Specialized tokenization could treat some patterns differently.

For biologists dealing with sequences or special notations, it’s worth noting that if you use a model not 
trained for that, it might tokenize something like “ATGCGA...” in a suboptimal way. There are 
specialized tokenizers (like for DNA or proteins) that could be used if fine-tuning a model for those 
inputs.

• Analogy: If it helps, think of tokens like “syllables” of a language (not exactly but as an 
analogy): models speak in syllables rather than full words or letters. Too many syllables (long 
sentences or paragraphs) and the model starts to forget earlier ones if beyond its capacity 
(context limit). And speaking or listening in syllables takes time; more syllables, more effort.



TL;DR: A token is the basic chunk of text for the model. The count of tokens in your input/output 
correlates with how slow or memory-intensive an operation will be. When working with big text (like 
long research papers or large biological datasets turned into text), you often have to find ways to reduce 
token counts (like summarizing or splitting tasks) so that the model can handle it efficiently. This 
concept also matters for cost in cloud scenarios (since APIs charge by token), but locally it’s more 
about time and memory cost.

Now that we know what tokens are, we can better appreciate model settings and limitations, such as 
context windows and things like token limits for outputs, which we often must manage to prevent 
overly long ramblings or cut-offs.

Slide 16: Context in AI Models
Continuing with fundamental concepts, another crucial one is context window or simply context in AI 
models:

• What is “context”? In the scope of language models, context refers to the text (prompt, 
conversation, or document) that the model is given and can “remember” at once when 
generating a response. Think of it as the model’s immediate memory – it looks at the last N 
tokens (where N is the context window size) and bases its next output on those. The model 
cannot recall anything beyond that window in a single session; it has no long-term memory 
of previous uses or earlier in the conversation beyond that limit unless re-provided.

• Context Window Limit: Each model has a fixed maximum context length (the number of 
tokens it can consider at once). For example, classic LLaMA models have around a 4,000 token 
context window (about 4k tokens, which might be ~3,000 words or roughly 5-6 pages of text). 
Newer models or certain versions have extended contexts (some GPT-4 versions can do 8k, 32k; 
some specialized LLaMA finetunes allow 8k or more; Claude by Anthropic famously had 100k 
context in some versions). But there’s always some maximum limit.

• Model’s lack of long-term memory: Unlike a human who might remember the gist of an 
earlier chapter while reading a book, a base language model call doesn’t inherently remember 
content from previous calls or anything not currently in the prompt. It’s stateless between 
queries unless we design a system to carry over some state. Each time you use it, you must 
supply whatever context is needed for it to perform well. If you have a long conversation with a 
model, behind the scenes, each time you send a message, the system is actually resending the 
entire conversation (up to the limit) so far to the model as context. It doesn’t truly “remember” 
like a person; it’s reprocessing context each turn.

• If context limit is exceeded: Once the conversation or input exceeds the model’s context 
window, something has to give. Typically, the oldest tokens (earlier parts of the conversation or 
text) are dropped (forgotten). The model only pays attention to the most recent N tokens. This 
means if you talk with a model for too long, you might notice it starts forgetting or contradicting 
earlier facts or repeating questions – because those earlier points fell out of context. It’s like 
having a sliding window over the text.



• Why context matters for coherence: To get a coherent and relevant response, you must 
provide all necessary background information within the context window. The model does 
not truly know anything outside what’s in the prompt plus what it encoded in its training (it has 
general training knowledge but specifics like your current document or conversation must be in 
the prompt). So if you’re asking it to analyze a lab report, you have to include that lab report (or 
at least the key parts of it) in the prompt. If you only give a question like “What does the data 
suggest?”, the model has no clue which data you mean unless you’ve given that data as context.

• Putting it in practice: Say we want the model to analyze a lab experiment report. A good 
approach is to feed the method section, the results, etc., into the prompt along with your 
question. For example: “Here is an experimental method: [text]. And here are the results: [text]. 
Question: Given this context, what conclusions can we draw?” This way, the model “sees” all 
relevant info in its context. If you forget to include, say, the prior results from a related 
experiment and that’s needed to interpret the new results, the model’s answer might be 
incomplete or off-target. It only knows what you give it each time.

• Model’s lack of persistent state: Another way to say this: these AI models do not learn new 
information during normal use (unless you explicitly fine-tune or update them). For instance, if 
you told a model something in one prompt, it won’t inherently remember that fact in the next 
session or if you don’t include it in continuing prompts. It’s different from, say, a human 
assistant who would remember what you said an hour ago. Some advanced systems simulate 
memory by storing conversation and retrieving relevant parts into context (like using a memory 
buffer and summarizing older content), but fundamentally, the base model itself has a fixed 
context scratchpad.

• Example – LLaMA context limit: As mentioned, LLaMA-2’s context is ~4k tokens. So if 
you have a 50-page paper (~25k tokens) and you want to ask LLaMA about it, you can’t just 
dump the whole paper in one go because 25k > 4k. You would either summarize sections and 
feed the summary (reducing token count) or use a chunk-by-chunk approach and ask questions 
section by section. Or use a model with larger context (if available). If you try to stuff too much 
in, either the input will be truncated or the model will ignore beyond the 4k, leading to possibly 
nonsense outputs.

• Dropping older context: It’s like a window: if token 1 to 4000 are the limit, when token 4001 
comes in, token 1 might fall out. The model then is reading tokens 2 to 4001 and so on. This is 
oversimplified (in practice you give it a prompt at once, but thinking in a conversation scenario, 
it’s similar). That means it might start to forget the start of a story by the time it reaches the 
end if it was too long.

So how to cope with context limits:
- Be concise in what you feed it. If something isn’t needed, don’t include it in the prompt because it’s 
using up precious space.
- Use summaries or information extraction: e.g., if you have a huge dataset, you might first get the 
model to summarize sections, then summarize summaries, etc.



- Use models with extended context if available, but those may require more memory or special 
handling.

• Biology Use Case (from slide): A typical research paper might be ~3,000 tokens (that’s maybe 
5 pages of double-spaced text, roughly). A model with a 4k token window can handle that just 
about fully (4k covers the 3k of content plus maybe the question you ask). So if you want an AI 
to summarize or analyze one entire paper in one go, a 4k context model could suffice (3k for the 
paper, leaves 1k tokens for its summary output maybe). If the paper is longer than the model’s 
context, you have to either feed it in parts or use a model with a larger window. For instance, 
some models (like an extended LLaMA or GPT-4 8k) could handle up to 8k tokens; there are 
experimental ones with 16k or more. If you have an 8k model, you could put an entire 6k token 
paper in and still have room for output.

The slide specifically says if the paper were longer than the model’s context, you’d have to feed 
it in parts or use a model with extended context. Feeding in parts might mean you do something 
like: “Here is the introduction and methods section. Summarize key points.” Then “Here is the 
results section. Summarize key points.” and so on, then combine those, or iteratively refine. It’s 
a bit manual but works.

Using a model with extended context is simpler (just put more text in), but those models might 
be harder to run locally (the longer context often means more memory and slower 
performance). For example, a 16k context model will use roughly 4 times the memory of a 4k 
context model for the same model architecture, because the self-attention mechanism scales 
roughly quadratically with the number of tokens. So, an advantage of local models is privacy 
and control, but context can become a technical limitation you need to manage actively.

In summary, “context” is everything to a model’s immediate understanding. When prepping a 
prompt for a local AI model, always ask: “Does the model have all the context it needs right now to do 
what I’m asking?” If not, the output may be irrelevant or incorrect. And remember that there’s a hard 
limit to that context, which shapes how you design your interactions with the model.

(If curious: this limitation is why techniques like Retrieval-Augmented Generation are popular – they 
fetch relevant text from a database and stuff it into the prompt as needed, kind of dynamically 
managing context. Also, some research into “long context” models or memory networks is ongoing to 
extend how much models can handle.)

Slide 17: Context in AI Models (2)
This slide continues the discussion on context, focusing on practical implications and strategies to 
ensure coherence:

• Providing Sufficient and Relevant Context: As we touched on, the user (that’s you, the 
researcher or end-user of the model) is responsible for giving the model all the necessary 
information it needs in the prompt to produce a good answer. If information is missing, the 
model can only guess from its general training (which may be outdated or not specific to your 
data). Therefore, constructing a prompt is a bit of an art: you need to include all relevant 



background info and the question, without overloading irrelevant details that might confuse the 
model. For example, if you ask the model to analyze a lab report, include critical details like the 
experimental method, key results, or any prior context the model should take into account 
(maybe the hypothesis or earlier findings). If you only provide raw data tables without 
explaining what they are, the model might misinterpret them or not know what to focus on. 
However, if you precede a data snippet with “These are results from an RNA sequencing 
experiment comparing treated vs control samples”, then the model knows the context of the 
numbers it will see.

Think of it like setting the stage for the model: you outline the scenario and give it the facts, 
then ask it to perform. This often involves writing a prompt that either explicitly or implicitly 
contains instructions plus data. Many people use a format with a system message 
(context/instructions), then user message (question), etc., to give models the needed info.

• Coherent Results Depend on Good Context: If the context is incomplete or irrelevant pieces 
are missing, the model might output something that sounds fluent but is actually off-base or not 
fully addressing the real issue – essentially garbage in, garbage out. For coherent and correct 
results, be deliberate about what you feed the model. In practice, this might mean doing some 
pre-processing: e.g., if analyzing a lab report, you might extract the summary of the report and 
feed that rather than the entire raw report, to highlight key points. Or if the prompt is a question 
about a patient, you might include the patient’s case history in brief.

• Example of including necessary details: The slide gives an example: if analyzing a lab report,  
include the experimental method and prior results in the prompt. This ensures the AI’s answer 
will consider those details. For instance, a question might be “What do these results suggest 
about the efficacy of the new drug?” If the model doesn’t know what the experimental setup 
was (method) or what earlier results showed (maybe a baseline or control data), it might answer 
in a vacuum or make assumptions. By providing them, the model can say something like, 
“Given the method was a double-blind trial on 100 subjects and prior results showed only minor 
improvements, these new results (which show a 50% improvement in recovery rate) suggest the 
drug is significantly more efficacious than previous treatments.” Without the method, it might 
not understand the reliability; without prior results, it can’t compare progress.

• Biology Use Case – Research Paper Summary: As mentioned, a typical research paper is 
around 3,000 tokens, which is within the range of many models. If you want an AI to 
summarize or analyze it in one go, you’d ensure that the entire text (or at least the main sections 
like abstract, intro, results, discussion) are within the 3k that the model can see, plus space for it 
to output the summary. So a 4k context model can manage. If you had a longer paper (some 
review articles or theses can be much longer), and you only had a 4k model, you’d have to 
chunk it.

The slide explicitly says: to have an AI summarize or analyze it in one go, you’d use a model 
with ≥3k token context (like 4k). If the paper were longer, say 10k tokens, beyond the model’s 
limit, you have two options:
- Feed it in parts: You might first copy-paste the first 3k tokens (maybe Introduction + part of 



Methods) and ask for summary or key points, then do the next 3k (Methods + Results), etc., 
then combine. Or ask specific questions part by part. This is a bit like how you might digest a 
long text in pieces.
- Use an extended context model: If you had access to a model with an 8k or 16k context, you 
could put the entire paper in the prompt at once and directly ask for a summary or analysis. That 
would be simpler but requires that model and enough memory to run it.

Each approach has trade-offs: multiple passes can introduce some discontinuity or might require 
you to manage overlaps and combination of info; a bigger context model uses more resources.

• Essentially, context management is part of using local AI effectively. In cloud services, they 
sometimes hide this by offering bigger context windows or tools like vector memory, but with 
local models you as the user often will orchestrate it manually or with additional software tools.

• Relevance of context to coherence: Let’s say you gave an incomplete prompt – e.g., “This 
experiment yielded a significant p-value in group A vs B. What does it mean?” If you haven’t 
told the model what the experiment was or any domain context, the model might generate a 
very generic response like “It means there is a statistically significant difference between group 
A and group B, so the treatment likely had an effect.” That’s true but bland and not deep. 
However, if you had included context: “Group A are cells treated with compound X, Group B 
are untreated. The p-value was 0.01 for the difference in growth rate.” Now the model can say, 
“It suggests that compound X significantly increases cell growth rate compared to untreated 
cells, with strong statistical confidence (p=0.01). Therefore, compound X is likely affecting the 
cell proliferation pathway, potentially acting as a growth stimulant. Further, given [maybe some 
known context], this could mean…” etc. The answer becomes more meaningful and specific. 
This underscores how including relevant context produces a more coherent and context-aware 
answer.

• Avoid context overload with irrelevant data: On the flip side, don’t just dump everything you 
have if some of it is unrelated or contradictory, because the model will try to consider it all and 
might get confused or produce a muddled answer. If there’s irrelevant paragraphs (like a 
tangential anecdote in a paper that isn’t needed for the summary), you might omit them to keep 
the model focused. Another best practice is to use clear separators or indications in your prompt 
(like “Background: … Question: …”) so the model knows which part is context and which part 
is the query.

In sum, to use local models effectively, you become the curator of the model’s context each time you 
query it. Provide all the necessary information in that context window, and the model can give great 
results. If something is missing from the context, don’t expect the model to magically know it (it might 
try to fill gaps from general training which can lead to inaccuracies). By mastering this, you’ll get 
much better outputs.

(This also introduces why sometimes chaining steps is useful: if context is too large, first use the model 
to condense or extract relevant info, then feed that condensed context into a second query. It’s like how 
we might take notes from a long article before writing a summary – the AI can help in that iterative 
context-building too.)



Slide 18: Temperature Parameter (Output Randomness)
Language models have parameters that control their output style. One of the most important for 
generation is “temperature,” which affects the randomness or creativity of the output. Let’s delve into 
what that means and how to use it:

• What is Temperature? In the context of AI text generation, temperature is a setting that 
essentially controls how confidently or creatively the model picks its next word. More 
technically, when the model computes probabilities for the next token (word or sub-word) in a 
sequence, the temperature parameter will scale these probabilities. A low temperature (<1) 
makes the probability distribution sharper (the highest probability token becomes even more 
dominant, and low-probability options get suppressed further), leading the model to choose the 
most likely token more deterministically. A high temperature (>1) flattens the distribution 
(making the probabilities more even, so even less likely tokens have a chance), which increases 
randomness in the choice.

• Low Temperature (e.g., 0.2): At a low temperature setting like 0.2, the model’s output 
becomes more deterministic and focused. It will almost always pick the top prediction for the 
next token according to its learned probabilities. This yields responses that are very repeatable 
and stick closely to what the model sees as the safest or most standard answer. The output tends 
to be factual, straightforward, and sometimes even terse or formulaic, because the model isn’t 
exploring any of the less likely phrasing or ideas. This is useful for tasks where accuracy and 
consistency are paramount. For instance, if you’re generating a formal report, a scientific 
explanation, or code, you usually want low creativity – you want it correct and not drifting from 
facts. The slide gives examples: generating standardized lab reports or precise image 
annotations. In those cases, creativity is not desired at all; you want the AI to output in a 
consistent, reliable format. A low temperature ensures it doesn’t start adding imaginative or 
random details that aren’t in the data. In practice, if you set temp to 0 (some systems allow 
exactly 0 meaning completely deterministic following highest probability each time), the model 
will always give the same answer to the same prompt (if no other randomness is present). At 0.2 
there’s a tiny bit of variety but it’s still largely fixed.

Think of low temperature as “play it safe” or “be conservative.” The answers will often be 
generic but correct, like a textbook answer. For example, ask a model at temp 0.2: “What is the 
capital of France?” – it will almost certainly say “Paris.” At a higher temp, it might still say 
“Paris” because that’s strongly known, but for a more open question, the differences become 
apparent.

• High Temperature (e.g., 1.0): At a high temperature like 1.0 (which in many implementations 
is considered baseline normal randomness) or even above (some allow 1.2, etc.), the model’s 
output becomes more varied and creative. The model is willing to take chances on less 
obvious continuations. This can result in more novel or diverse responses. For creative writing, 
brainstorming, or any task where you want original ideas or multiple perspectives, a higher 
temperature is beneficial. The slide notes that high temp “introduces randomness” and is 
valuable for brainstorming and exploratory tasks – like suggesting novel hypotheses or new 



drug combinations. Indeed, in early research or ideation, you might want the AI to think a bit 
“out of the box,” not just regurgitate known answers. A high temperature can cause it to produce 
answers that might be somewhat unexpected or even inexact but potentially inspiring. For 
example, if asked “How might we approach treating disease X?”, a high-temp model might 
come up with a wild, unconventional idea (some might be nonsense, but some might spark a 
real insight) that a low-temp model would never utter because it’s too unlikely from the training 
data’s perspective.

One thing to watch is that as temperature increases too much, outputs can become incoherent 
or off-topic (the model might start mixing ideas or losing structure, because it’s not following 
its highest-probability path as closely). At 1.0, you usually still get coherent text, just more 
variety. If you went to something like 1.5 (if allowed), it might become quite erratic.

• Striking a Balance (e.g., 0.5): Medium temperature values try to balance determinism and 
creativity. Around 0.5 is often a good trade-off: the model will produce some variation and 
potentially interesting phrasings but will largely stay on topic and reasonable. The slide 
explicitly mentions 0.5 as striking a balance – you get some creativity without going off-topic. 
This can be great for tasks like creating a slightly more engaging report: it’s factual but not dry 
or repetitive. Or for generating multiple choice questions on a text, where you want them to be a 
bit varied but still relevant. The example given is a gene-editing scenario: at moderate temp, the 
model could propose innovative yet plausible gene modification strategies (maybe suggesting a 
few different approaches rather than one, but keeping them all scientifically grounded). Too low 
temp and it might just reiterate a textbook method, too high and it might propose something 
biologically impossible or too far-fetched. Temperature 0.5 “blends accuracy with a touch of 
innovation.”

• Adjusting Temperature in practice: Many local AI tools (like Oobabooga’s UI, GPT4All, 
etc.) have a temperature setting you can slide or input. As a user, you might experiment: if the 
model is giving very boring answers, try raising temperature. If it’s giving nonsense or too 
divergent answers, lower it. Some people do multiple runs: e.g., run at temp 0.8 a few times to 
get a variety of outputs, then pick the best. For summarization tasks, usually a lower 
temperature ensures consistency (the summary covers the main points clearly); a high temp 
summary might include some creative rewording or extra commentary that wasn’t in the text – 
not ideal.

• Important: Temperature is one of several decoding parameters. Others include top-k or top-p 
(nucleus) sampling, which further refine how randomness works. Top-k means only consider 
the top k most likely tokens at each step; top-p means consider the top tokens that make up 
probability p (like 0.9). These often work together with temperature to manage randomness. But 
conceptually, temperature is easiest to grasp as the “creative knob.”

• Analogy: The slide says tuning temperature lets researchers adjust the AI’s “imagination level.” 
That’s a great way to put it:

• Temperature 0 -> AI is not imaginative at all, just regurgitates the most expected 
response.



• Temperature 1 -> AI is fairly imaginative, will say things in different ways, introduce 
new ideas, maybe even deviate from strict fact if not carefully prompted.

• It’s like asking: “How strict should the AI be in following its training distribution?” Low 
means very strict (only say the most straightforward thing), high means loosen up (say 
something less common or even take a guess).

• Guardrails: For certain applications, you keep temperature low because accuracy or 
consistency is crucial (e.g., coding assistant – you want correct code, not creative code that 
might be wrong; or legal/medical advice – stick to established facts!). For others, like creative 
writing or brainstorming, you crank it up to see what novel outputs you get, then manually vet 
them.

• Gene Editing Example in Slide: “In a gene-editing scenario, a middle-ground temperature 
could help propose innovative yet plausible strategies”. For example, maybe the known 
approach is using CRISPR in a certain way. A creative twist might be the AI suggesting using a 
base-editing technique or a prime editing technique or combining CRISPR with some 
regulatory RNA trick – something not immediately obvious. If temperature were too low, it 
might just describe the basic CRISPR method without creative twists. If too high, it might 
suggest something unrealistic like “use CRISPR to directly insert an entire new chromosome” 
(just making a wild example) which might be off the table scientifically. At 0.5, it might think: 
“we could try a tandem gene insertion method or consider epigenetic editing as an alternative,” 
which is a reasonable creative idea.

• User control: The important note is that researchers can tune this parameter depending on 
the task. If you find your local AI is too dull or always responding with boilerplate, increase 
temperature. If it’s too wacky or inconsistent, decrease it. It’s one of the simplest ways to tailor 
the model’s behavior to the context – something you have full control of when running models 
locally (whereas some fixed API endpoints might not allow you to adjust it).

In summary, temperature is like the “creativity dial” for your AI. Low settings yield safe, predictable 
outputs (good for accuracy and consistency), high settings yield more diverse and inventive outputs 
(good for creative exploration). Knowing how to use this helps you get the kind of answer you want 
from the model.

(Fun fact: The concept is borrowed from simulated annealing in optimization, where a “temperature” 
parameter allows more random jumps early on and gradually less, to find a global optimum. In 
language, it’s not about finding an optimum but controlling randomness. The terminology stuck.)

Slide 19: APIs in Local AI
Now, shifting from model behavior to how we actually use models in workflows: this part is about 
APIs for local AI models. An API (Application Programming Interface) allows different software 
components to communicate. In our context, it means you can treat your local AI model as a service 
that other programs can query. Let’s break this down:



• Local AI API concept: When you run a model on your machine (say through a program or 
server), you can set it up so that other applications can send requests to it in a structured way 
(like HTTP requests, or function calls in code, etc.). Essentially, you expose the model’s 
functionality through an API endpoint. In a cloud scenario, this is what OpenAI or others do 
– they host the model and you call it via an internet API. Locally, you can mimic that by 
running something like an API server on your own machine that wraps around the model.

• Why use an API for a local model? Because it allows integration. If you have a model running 
with an API, then any tool, script, or system that can make API calls can use the model’s 
capabilities. You’re not limited to a single UI or manual use. For example, suppose you have a 
lab management software where scientists log experiments, and you want to add a feature that 
you can ask in plain language “Did any experiment increase yield by over 20%?” – you could 
have that software send the question to your local model’s API, which then reads the data and 
answers. Without an API, you might have to copy-paste data into a separate interface.

• Example given: connecting a lab information system or chatbot front-end. Think of a lab 
information management system (LIMS) – it stores experimental results, protocols, etc. By 
hooking an AI API to it, you could query the LIMS via AI, e.g. “Summarize all experiments 
where we used reagent X.” The LIMS could fetch relevant data and the AI could generate a 
summary. If the AI is local, an API ensures it can be accessed by the LIMS software.

Another example is a custom chatbot interface (like SillyTavern). SillyTavern is a community 
front-end for connecting to LLMs, often used for creative or roleplay chat, but here the idea is 
any user-friendly interface that people interact with. That interface can call your local model 
through an API to get responses. So, you could build a chat UI for your colleagues that 
internally uses your local AI model – they type questions, it displays answers, and none of that 
goes to the internet.

• Essentially, local API = integration point. If you’re comfortable coding, you can script things 
like: when new data comes in, send it to the model’s API for analysis, then store the result. Or a 
voice assistant in your lab could convert speech to text, send to the local AI API, get an answer, 
convert to speech – all offline. Without an API, your AI model might be stuck in isolation where 
only direct users can operate it.

• No External Fees: A huge plus of using local models through an API is cost savings. When 
you call an external API like OpenAI’s, they charge per token or per request. Those costs can 
add up, especially for heavy use. For instance, OpenAI’s GPT-4 might cost around $0.002 per 
token for outputs (just as an illustrative number from slide, though actual pricing varies by 
model). If you generate thousands of tokens daily, that could become expensive. A local model, 
once you’ve set up your hardware, doesn’t charge per use (there’s no meter running except your 
electricity). So, using an internal API to your model means each request is “free” in terms of not 
paying a provider.

You do still pay indirectly: you bought GPUs and you pay for electricity. But those are fixed or 
controllable costs, not per-query. The slide emphasizes this: a local model avoids those token 
fees entirely. If your use case, say, is analyzing hundreds of genome sequences a day with an AI, 



doing that with a cloud API might be extremely costly, whereas local just uses your machine’s 
cycles.

• Cost considerations example: They mention GPT-4 API might charge ~$0.002 per token. To 
put in perspective, if an output is 500 tokens, that’s $1 per response (if it were that rate), which 
is quite high if you had dozens of queries daily – soon hundreds of dollars. A locally hosted 
model doing the same is effectively no incremental cost after setup. This can make the 
difference between an idea being feasible or not from a budget standpoint, especially in 
academic or small startup environments.

• Hardware/Electricity costs: The slide fairly notes that you still have to consider hardware 
and electricity costs. Running a big GPU at full tilt draws a lot of power (could be hundreds of 
watts). If you use it 24/7, that is a portion of your electricity bill. Also, you had to purchase the 
hardware upfront. But often, labs have some computing resources already, or that hardware can 
serve multiple purposes (the GPU can be used for other tasks too when AI not in use, etc.), so 
it’s often more palatable than recurring cloud charges if usage is high.

• Integration benefits (to be continued on next slide likely): But even on this slide, they hint 
that an API enables embedding AI into your own applications or pipelines with full control. 
Because it’s local, you can design it exactly to your needs (tailor input/output formats, ensure 
security, etc.). And it’s within your secure environment, meaning sensitive data (like patient 
data, proprietary research data) doesn’t leave your premises. For instance, a hospital might use a 
local model to power a bedside decision support tablet – the tablet calls the model’s API on the 
hospital’s server, and no patient data goes out to the internet, satisfying privacy regulations.

• To set up a local API: There are tools and frameworks that make this easier. For example, some 
local model UIs (like text-generation-webui) offer an API mode (like an HTTP endpoint you 
can post to). Or one could run the model through Flask/FastAPI in Python to create a simple 
REST API. There’s also the concept of running a model as a service with something like 
TorchServe or using the Hugging Face Inference Endpoint on your own infra. The specifics 
aren’t detailed here, but the idea is: yes, it’s quite doable and commonly done.

In summary, treating your local AI model as an API unlocks integration: you can connect it to any 
other software (web apps, scripts, devices) easily. This is powerful because it means AI can be inserted 
into various points of your research workflow seamlessly, rather than being a separate thing you have 
to manually consult. And doing it locally avoids the incremental cost and privacy issues of cloud 
services.

(Consider also: sometimes you might have multiple smaller instances of models via API for 
concurrency or different tasks, which is easier to manage when you control it locally. The main point 
though is bridging between AI and other tools becomes straightforward with APIs.)

Slide 20: APIs in Local AI (2)
Continuing the API discussion, this section likely covers additional benefits of having local AI 
accessible via APIs, particularly focusing on integration and workflow aspects:



• Integration Benefits: When you have a local model accessible through an API, it becomes 
much simpler to embed AI into existing workflows and tools. This means you can automate or 
augment parts of your data analysis, lab operations, or user applications using the AI without 
requiring manual intervention via a separate interface. Essentially, AI becomes another 
component that your software can call on demand.

• Examples of integration: The slide mentions several integration points – data analysis scripts, 
lab equipment, or web apps. Let’s consider each:

• Data analysis scripts: Suppose you have a pipeline in Python or R that processes 
experimental data. You might reach a step where you want a summary or a natural 
language interpretation of results. If your AI model is accessible via an API (even a local 
function call API or a microservice), your script can send the processed data to the 
model and get back a human-readable report or even suggestions. This could then be 
saved or emailed automatically. Another scenario: in a bioinformatics pipeline, after 
computational results, you ask the model to generate a hypothesis or potential next 
experiment suggestion based on those results (something quite advanced, but plausible 
with a good model and context). All done automatically if it’s well-integrated.

• Lab equipment: This is an interesting one – think IoT or smart lab gear. Imagine a 
sequencer machine finishes running and produces a raw data file. That machine’s 
software could ping the AI API with key results to get an instant analysis or quality 
control assessment. Or a microscope’s imaging software after taking pictures could call 
an AI to describe what it sees (“lots of cells are undergoing mitosis in sample 3”). Or 
even simpler, a voice assistant device in the lab that you can ask “Hey LabAI, how’s the 
status of experiment 5?” and it queries the databases and uses the model to formulate a 
response. These are not far-fetched: prototypes of voice-activated lab assistants or AI 
monitoring systems are being explored in tech-forward labs.

• Web apps: If you have an internal web application (maybe a dashboard where lab 
members can query experiment logs or a portal for clinicians to get info from patient 
data), integrating a local AI means you could have a chat or Q&A interface within that 
web app. For instance, a clinician might type: “Summarize this patient’s history and lab 
results and suggest potential diagnoses” and the web app behind the scenes calls the 
local model with the patient’s data to get a summary. Because the model is local, it’s 
allowed to see that sensitive data (no HIPAA violation since it’s all internal), and the 
web app just relays the response to the user.

• Endpoints and interactive queries: They mention setting up endpoints to analyze 
experimental data, run batch predictions, or answer questions within a secure environment. 
Setting up endpoints basically means you might have a route like POST /analyze-data 

which takes data and returns analysis from the model, or POST /ask which takes a question 

and context and returns an answer. Once these endpoints are in place, anything that can make an 
HTTP request or similar can use the AI’s functionality. That could even include external 
authorized collaborators through a VPN, etc.



• Full control: Because it’s local, you have full control over how this integration works. You can 
enforce your own security (ensuring only certain people or processes can call the API), you can 
log all queries for audit (which might be important in regulated settings), you can even modify 
the model’s behavior (like apply a special prompt prefix for certain endpoints that formats the 
output or ensures certain disclaimers). With external APIs, you’re subject to their interface and 
you can’t easily modify the model’s under-the-hood behavior.

• Secure local environment: The phrase “all within their secure local environment” underscores 
that you can do these powerful integrated AI tasks without data ever leaving your 
organization’s firewall. This is a big deal for industries like healthcare, finance, defense, etc., 
where data cannot be sent to external servers. It means you get the advantages of AI assistance 
while meeting compliance and not risking data leaks. For example, a hospital can integrate an 
LLM to assist with patient care but keep all patient info internally, alleviating privacy concerns 
that would come if using, say, a cloud API.

• No Rate Limits: Another benefit not explicitly mentioned but often relevant: external APIs 
have rate limits (like you can only send X requests per minute). If you have heavy usage, those 
can be a bottleneck. Locally, your only limit is your hardware’s capability. If you want to run 
1000 analyses in a batch overnight, you can queue them up and run them (maybe sequentially or 
in parallel if you have enough GPUs), without any third-party throttling you. This is part of full 
control and integration— you can scale or schedule usage however suits you.

• Use case scenario: Imagine a “AI Lab Assistant” web interface: a researcher logs in, sees a chat 
box where they can query any of the lab’s data or ask for summaries of papers in the database. 
When they ask something, the web server uses the model’s API to fetch answers possibly by 
combining database queries and model generation. All that is custom-built, possible only 
because you have local model access. If they had to rely on a cloud LLM, integrating with 
internal databases would be trickier and they'd worry about what data is safe to send out.

In summary, APIs turn your local AI from a standalone model into a service that can be woven into 
your digital ecosystem. This amplifies its usefulness immensely, as it’s not just for direct human-AI 
interaction but can enhance software and systems with AI capabilities. It’s like adding a smart module 
to every part of your research infrastructure.

(This is akin to how companies use microservices— you might have a “prediction service” internally 
that your app calls. Here you create an “AI service” microservice inside your environment.)

Slide 21: GUI Tools for Local AI (Chat4All & Alpaca)
Not everyone who could benefit from AI models is comfortable with command-line interfaces or API 
integration. That’s where Graphical User Interfaces (GUIs) come in — they make AI accessible 
through point-and-click, user-friendly means. This slide introduces GUI tools that let users interact 
with local AI models easily. Specifically, it mentions Chat4All and Alpaca GUI as examples.

• Why GUIs for Local AI: A GUI provides a visual interface — typically windows, buttons, 
forms — for controlling the AI, which means you don’t need to write code or know technical 



commands. This lowers the barrier to entry, so even non-programmers (like many biologists, 
clinicians, etc.) can use the AI tools. It often also standardizes common tasks (like loading a 
model, editing settings, entering prompts, viewing outputs) in a clear way.

• Features of such GUIs: They typically allow you to:

• Select or load models from a list (maybe with one-click if they integrate downloading).

• Input data or prompts through text boxes, file uploads, etc.

• Configure settings like temperature, max output length, etc., through sliders or menus 
instead of code.

• See output results in a neatly formatted window, possibly with the ability to copy them, 
save them, etc.

• Possibly chain tasks or use templates for specific tasks (like a form for summarization 
where you paste text and hit “Summarize”).

• Specific example – Chat4All: The slide describes Chat4All as a user-friendly chat-style 
interface that allows data drag-and-drop and querying a local model about it. That sounds like 
Chat4All is basically an app where you have a chat window (like messaging app style) and you 
can drop in a file (like a genome file or an image) and then ask questions about that file. The 
model would then presumably process the file’s content and respond.

• For example, if you drop a genome sequence file and ask “What mutations are 
present?”, Chat4All might pass that sequence to an underlying model fine-tuned for 
variant calling or something, then give the answer. Or drop a cell microscopy image and 
ask “Count the cells and any anomalies?” and a vision model connected might analyze 
it.

• It says it can be configured for various tasks like sequence analysis or Q&A. So perhaps 
Chat4All is a multi-modal interface or at least multi-purpose. Maybe it recognizes the 
type of file or the chosen mode and uses the right underlying model or prompting for 
that.

• The key is you don’t have to know commands; you literally drop data and type 
questions.

• Specific example – Alpaca GUI: Alpaca is the name of a well-known model (Stanford’s fine-
tune of LLaMA for instruction following), but here they refer to an Alpaca GUI toolkit that 
offers pre-built templates and forms for common AI use cases. Inspired by the Alpaca 
model’s widespread adoption, some developers made GUIs around it.

• This might mean the GUI has specific modules, like a “Protein Folding” module, an 
“Enzyme function prediction” module, etc. Each module would present you with fields 
to fill in (like “Input your protein sequence here” and “Select parameters or model type 
from a dropdown”) and then a run button. It then runs the appropriate model with that 



input and shows the results, maybe even with visualization if applicable (like showing a 
predicted 3D structure if integrated with a viewer).

• By “templates and forms,” it implies a guided interface: you don’t even have to figure 
out how to prompt the model, the GUI probably has a preset prompt pattern and you just 
supply the key info. For example, for protein folding, it might have a hidden prompt like 
“You are an AI that predicts protein tertiary structure from sequence. The sequence is: 
{user_sequence}. Describe the predicted structure.” And the user just provides the 
sequence in a text box.

• This is great for those who have a specific application in mind but not the knowledge of 
how to instruct the model. The GUI basically ensures best practices in prompting for that 
task are used behind the scenes.

• Non-programmer accessibility: The text emphasizes these GUIs lower barriers for non-
programmers. Many biologists or clinicians might have never used a terminal or coded 
Python, but they can definitely handle a GUI. Also, a GUI can integrate instructions, help texts, 
and guardrails (like input validation) to help ensure proper use. This fosters broader adoption 
of local AI in a team, since not just the tech-savvy folks can operate it.

• Comparison to cloud GUIs: Many are familiar with ChatGPT’s web interface or other cloud 
AI apps. These local GUIs try to give a similar ease-of-use but for models running on your 
machine. So if someone is comfortable with ChatGPT UI, they could similarly use Chat4All 
which might look like a chat messenger, but the difference is it's connecting to a model on your 
computer rather than OpenAI’s servers.

• Experimentation is easier: A GUI often also shows intermediate information in a friendly way 
(like logs, token usage, maybe even a graph of generation speed), which can help in 
understanding and adjusting usage. But mainly it’s about making interactive use pleasurable, 
not a technical chore.

• Summaries of Chat4All & Alpaca GUI from slide:

• Chat4All: A chat interface that supports dropping in data like files (genomes, images) 
and then asking questions about them in a conversation format.

• Alpaca GUI: A more structured interface with specific workflows for typical tasks (some 
tailored for biology as they mention protein folding, enzyme prediction, etc.), likely with 
forms and one-click operations for those tasks.

It’s likely these are illustrative names (perhaps hypothetical or prototypes) showing the kinds of tools 
emerging for local model interaction.

The big takeaway: User-friendly interfaces democratize access to AI models in a lab or 
organization. No coding needed, just intuitive interactions. This means a domain expert (biologist, 
doctor, etc.) can leverage the AI directly rather than always going through a data scientist or developer 
intermediary. That can greatly accelerate adoption and experimentation with AI for solving domain 
problems.



(Also, GUIs can be safer in that they can restrict certain operations, making it easier to manage how 
models are used – e.g., no copy-pasting out beyond certain lengths, etc., if that was a concern, but 
that's just a thought.)

Slide 22: GUI Tools for Local AI (Chat4All & Alpaca) (2)
This seems to continue about GUI tools, possibly focusing on a biology-specific use case to highlight 
their value:

• Bridging the gap for end-users: The slide likely elaborates that these GUIs help biologists or 
clinicians (who are end-users of the technology) to benefit from AI without needing to 
understand the technical underpinnings. It uses the phrase “bridge the gap between complex AI 
models and end-users”. In practice, that means a complex model (like a large LLM or a vision 
model) can be used by someone who just knows how to operate lab equipment and basic 
software, not AI coding.

• Example Use Case with Chat4All: They mention “A scientist can load experimental data and 
see AI-predicted outcomes visually.” For example:

• A genomic data file could be loaded into Chat4All and the local model (perhaps a 
specialized one or a general one with the right prompt) could highlight potential 
mutations or areas of interest. This could even be shown visually— perhaps 
highlighting positions in a DNA sequence where significant variations are found. Or if 
it’s an image, highlighting cells or anomalies in the image.

• Because it’s a chat interface, the scientist might do this iteratively: “Here’s the genome 
data [drop file].” Then: “Find any notable mutations in BRCA1 gene.” The model 
responds with something like “There’s a missense mutation at position XYZ that is 
known to be pathogenic.” The scientist could follow up: “Explain its significance.” The 
model elaborates on that mutation’s link to breast cancer risk, etc. All within the same 
GUI, with the file already loaded.

• Example Use Case with Alpaca (or similar GUI): They mention visualizing an AI-predicted 
enzyme 3D structure:

• So a researcher could input a protein sequence into the Alpaca GUI’s protein folding 
module. The local model (maybe an AlphaFold-like model or an LLM that predicts some 
structural info, or it queries an internal database or uses an API to a structure prediction 
tool if integrated) then produces a predicted structure.

• The GUI could then display that structure using a 3D viewer component (like an 
integrated Jmol or NGL viewer). All this without the researcher having to run separate 
structure prediction programs or parse PDB files manually.

• They could then ask the AI in the GUI questions about the structure: “Identify the active 
site” or “Which amino acids are critical for function according to this structure?” and the 
AI, having the data, could answer or highlight parts on the structure if it’s that advanced.



• No code needed (and likely no writing prompts from scratch needed either if using 
templates): This drastically accelerates analysis because someone can go from raw data to 
insight in a single tool. It also fosters collaboration: imagine a team meeting where the GUI is 
on a screen, and people request analyses in real-time (“AI, analyze this new dataset we just 
got.” and the AI does preliminary analysis on the spot).

• Accessible and understandable outputs: GUI can present results in more digestible ways 
(charts, highlights, summaries) rather than a block of text. For example, an AI might output a 
table of results which the GUI can render nicely, or it might accompany textual answer with a 
graph that the GUI generates from data. The slide indicates making outputs accessible and 
understandable. That might involve visualization or simply formatting (like bolding important 
terms or linking to references if any were provided).

• Collaboration aspect: If everyone can use the tool, they can also share results easily. Perhaps 
the GUI allows exporting the conversation or results to a report. Or multiple people can use it 
and get consistent style of analysis (since the same underlying model/template is used). That 
consistency helps in teamwork because results are presented in a familiar format no matter who 
ran them.

• Example scenario concluding: A biologist drags in genomic data (like a VCF file of variants) 
into Chat4All, and asks it to highlight potential pathogenic mutations. The model, which has 
been perhaps fine-tuned or properly prompted for this, returns a list of mutations and flags e.g., 
“Mutation in gene TP53 (c.215C>G) is likely pathogenic (associated with Li-Fraumeni 
syndrome).” The GUI might show that mutation in context, like linking to an external database 
entry for it or just making it clear. The biologist can then ask follow-ups about that syndrome or 
about any other variants. Meanwhile, all data stayed local, and the interface was simple. They 
did not have to write a Python script to filter variants by known pathogenicity - the AI did it 
with a natural query.

• The big point: GUI tools make powerful AI tech usable in real scenarios by the people who 
need the answers, not just by the engineers. This accelerates analysis and fosters collaboration, 
as the slide says, because more team members can directly interact with data via AI, and it can 
become part of routine workflows.

Finally, all of these things — Chat4All and Alpaca GUI — are examples. The underlying principle is 
that local AI doesn’t have to be a black box only a specialist can run. With some development of 
interfaces, it becomes an everyday assistant in the lab or clinic, augmenting what people can do, 
quickly and intuitively.

(It's worth noting that developing such GUIs can be done within organizations or by open-source 
community. Many such UIs exist and new ones can be tailored to specific needs. The mention of 
Chat4All and Alpaca might be generic names but likely inspired by existing projects or hypothetical for  
this presentation context.)



Slide 23: Case Study 1 – Genomic Research
Now the presentation shifts to concrete case studies which illustrate how local AI models are applied in 
real biological research scenarios. Case Study 1 focuses on Genomic Research, specifically analyzing 
genetic data for mutations using a local model.

Use Case Description:

• A medical genomics lab has a dataset of 10,000 patient genomes. They want to identify 
mutations in the BRCA1 gene for each of these patients. (BRCA1 is a gene where certain 
mutations significantly increase the risk of breast and ovarian cancer. Identifying pathogenic 
variants in BRCA1 is crucial in hereditary cancer screening.)

• Instead of using a cloud service, they deployed Llama-2-13B on their local server to do this 
analysis. Llama-2-13B-Chat is a moderately large model (13 billion parameters, presumably 
fine-tuned for conversational tasks but maybe also used for analysis tasks with correct 
prompting). They chose local to ensure patient DNA data never leaves their secure 
environment – this is vital for privacy (HIPAA compliance is even mentioned earlier in slides 
for such contexts).

What the model did:

• It was likely fine-tuned or at least prompted specifically for variant identification tasks. Perhaps 
the pipeline was: feed each genome’s relevant BRCA1 region data into the model and have it 
output whether known pathogenic variants are present. Or the model might have been fine-
tuned on genomic variant classification such that it can say “pathogenic” or “benign” for each 
variant given the context of the variant’s details (maybe by referencing known databases in its 
training).

• The result was that the model achieved about 98% accuracy in flagging pathogenic BRCA1 
variants. That means for almost all patients who had a dangerous BRCA1 mutation, the model 
correctly flagged it, and it rarely false-flagged something benign as pathogenic. 98% is quite 
high, indicating the approach was effective. This is essentially an AI-driven screening tool.

Why locally and how it’s beneficial:

• Privacy: By doing it on-site, they kept all genomic data internally. Genomic data is highly 
sensitive personal information (it’s literally the person’s genetic blueprint). Sending 10k 
genomes to a cloud for analysis would raise big privacy issues and possibly breach regulations 
or require heavy compliance measures. Locally, they had full control over who sees the data and 
how it’s stored.

• Scale and capability: A 13B parameter model is fairly powerful. Possibly it's fine-tuned so that 
it knows about genetics terminology and maybe had training data from known variant databases 
or literature. That allowed it to be effective at the task.

• Offline processing: They processed all 10,000 genomes presumably without needing internet – 
that might also be faster than uploading them somewhere. If each genome is like 3 billion base 



pairs, even though you'd focus on BRCA1 gene region, the data could be large. Locally it might 
be I/O from local storage vs. pushing to cloud.

How it demonstrates the viability:

• The fact they could do large-scale genomic screening entirely offline shows a moderately 
sized local model can handle heavy tasks. 10k patients is a lot; doing anything 10k times often 
requires robust systems. They accomplished it with one local model installation.

• The model achieving ~98% accuracy indicates that even if it’s not perfect, it’s certainly in a 
useful range (comparable to expert manual curation possibly, or at least as a first-pass filter). 
This can drastically reduce workload for geneticists, who otherwise have to manually sift 
through each genome’s variants or run specific algorithms for each known variant (like specific 
assays).

• It likely drastically sped up the process too. Possibly in a matter of days or weeks they screened 
all 10k, whereas sending to a cloud or manual analysis could take longer or cost more.

HIPAA compliance:

• They mentioned results were done entirely offline to meet strict privacy regulations (HIPAA 
compliance). Under HIPAA, patient data (which includes genetic info) must be protected and 
usually not shared without proper measures. Using a local model means the data was never at 
risk of being intercepted or misused by a third party, which helps maintain compliance. It’s one 
thing to trust a cloud company’s compliance, but many institutions prefer not to even go there if 
not absolutely necessary.

Implications for the field:

• It demonstrates that with an appropriate model (Llama-2-13B-Chat in this case), AI can handle 
specialized biomedical tasks if properly set up. Perhaps they fine-tuned Llama-2 on a dataset 
of genomic variants annotated with pathogenic/benign, which made it an expert in that domain.

• It's a showcase that local AI isn't just a toy; it can be production-grade, handling clinically 
relevant tasks.

• For labs considering similar tasks, this case study provides a blueprint: pick a reasonably sized 
model, ensure you have the hardware (maybe they had at least a good GPU or two to run 
Llama-2-13B), fine-tune it or prompt-engineer it for your specific problem (BRCA variants 
detection), and then you can run it on your whole dataset.

Conclusion of case study:

• The lab effectively built their own AI genetic screening tool with local resources.

• They got results with high accuracy and maintained privacy, which was the main goal.

• This likely saved them money too (cloud computing for analyzing 10k whole genomes with an 
AI could have been very costly, whereas local cost is mostly fixed hardware investment).



• It’s a proof of concept that moderate local models can scale to population-level genomics 
screening tasks.

This case resonates because detecting BRCA1 mutations is a real-world important problem. It’s neat to 
think a local LLM could do that. Possibly the model might have been used in a way like: it reads 
variant description and predicts “pathogenic/likely pathogenic/uncertain/benign” according to 
established criteria – similar to how some specialized tools (like VarSome or others) do but those often 
have proprietary backing or require submission online. Here, they effectively made their own "AI 
genetic counselor."

(This example may be a bit optimistic because domain-specific training data would be needed to get 
98%, but let's assume they had that or that the model plus some retrieval from known databases did it. 
The main point for the presentation is that it's plausible and beneficial.)

Slide 24: Case Study 2 – Protein Folding
Case Study 2 focuses on another big problem in biology: predicting protein structures (the “protein 
folding” problem). It shows how a local AI model can be used to predict structures of new proteins 
quickly.

Use Case Description:

• A research team discovered 50 new proteins (perhaps through genome sequencing of a new 
organism or designing novel proteins) and they want to predict each protein’s tertiary (3D) 
structure.

• Instead of using a cloud service or something like AlphaFold on a cloud platform, they utilized 
a Deepseek-67B model on a high-end workstation for this task.

• The local AI analyzed the amino acid sequences (the primary structure) of each of the 50 
proteins and generated predicted 3D structures for each.

Model and Setup:

• Deepseek-67B is quite a large model (67 billion parameters). That indicates they needed a 
powerful machine (the slide says a “high-end workstation” – likely one with multiple GPUs or 
a beefy one like an A100 or RTX 6000 etc. possibly with ~80 GB VRAM total or more, since 
67B is heavy especially if not quantized heavily).

• Deepseek is earlier described as strong in reasoning and retrieval. For protein folding, I suspect 
it’s fine-tuned or given a lot of training on sequence-to-structure data (like PDB data), 
effectively making it similar in ability to known protein structure predictors. If it’s not exactly a 
specialized model, perhaps this is hypothetical, but anyway they treat it as a reasoning model 
that can handle complex data like sequences to produce structured output.

Outcome:



• They mention by leveraging Deepseek’s powerful reasoning (maybe it can infer structural 
features from patterns in sequence), they reduced computation time by ~40% compared to 
sending data to a cloud-based protein folding tool.

• So if using a typical pipeline, maybe they would have run something like AlphaFold via Google 
Colab or AWS, which might have taken X amount of time (and maybe queued, etc.), but doing 
it locally with the big model was 40% faster in total turnaround.

• Possibly because running locally avoids queue times and network overhead, and maybe their 
workstation could run multiple predictions in parallel or something.

Other benefits:

• Not needing to upload any sequences externally means they kept their unpublished protein 
data confidential. When you find new proteins, you might not want to share sequences 
immediately if you plan to patent them or publish them. Using an external service (like some 
free AlphaFold server) risks early exposure or just doesn't guarantee privacy. Locally, it’s all in-
house.

• It allowed them to iterate faster on experiments. If structure predictions come in faster, the lab 
can design follow-up experiments sooner (like docking simulations, or mutagenesis experiments 
etc.). A months-long wait becomes weeks maybe.

Comparing to known tools:

• AlphaFold2 (DeepMind’s tool) can be run locally too, but requires powerful GPUs and is heavy 
per protein. Perhaps Deepseek here could produce approximate structures in a more language-
model-ish way (maybe giving text describing structure or some encoding that can be turned into 
coordinates).

• Or Deepseek could have been used to generate initial structural constraints or something that 
sped up the actual folding simulation.

• But as a case, it's showing that even tasks requiring heavy computation (like protein folding 
normally does require serious compute) can be accelerated by using a large model locally rather 
than relying on slower remote computations.

Conclusion of case study:

• Using a powerful local AI (Deepseek 67B) on a strong workstation, they processed 50 
proteins’ structures faster than a cloud solution and in doing so:

• They avoided about 40% of the waiting time.

• They kept data in-house (no risk of leaking sensitive protein info).

• They thus had quicker turnaround for research, giving them an edge.

• It emphasizes how local AI can augment specialized tasks (like structure prediction) typically 
done with specialized software or cloud services. If the AI’s reasoning ability is high, it might 



approach the problem differently, maybe by analogy to known structures or patterns learned 
from literature.

• The slide likely underscores that this allowed them to “iterate faster on experiments”, meaning 
the cycle of guess -> check structure -> design next experiment was quicker. In science, speed is 
often key to beat competition or to get to results sooner (e.g., in pandemic times, etc.).

• Also, they'd avoid potential cloud computing costs. Running 50 structure predictions on a cloud 
might be expensive (AlphaFold on full length can take hours on a GPU; 50 of those on cloud 
GPU time costs $$). If they already had a big workstation, using it incurs no extra cost except 
electricity.

Wrap-up of the case's significance:

• Showcases local AI tackling a domain-specific heavy task.

• Even large models (67B) are usable locally if you invest in hardware, and they can deliver 
results at competitive speeds.

• It's an example of pushing boundaries: not just text summarization or QA, but generating 
scientific outputs (protein structures) with local AI.

(One might note, as of early 2020s, specialized models like AlphaFold/AlphaFold2 are state-of-art for 
structure and are not exactly LLMs, but perhaps by 2025 or so, large multi-modal or specialized LMs 
could be used for that. Or it's a hypothetical scenario demonstrating potential synergy between general  
AI and domain tasks.)

Slide 25: Case Study 3 – Drug Discovery
Case Study 3 deals with using local AI for a massive computational screening in the context of drug 
discovery, specifically during the COVID-19 pandemic.

Use Case Description:

• During the COVID-19 pandemic, a pharmaceutical research group needed to screen a huge 
library of compounds (1 million small-molecule compounds) to find potential inhibitors for the 
virus (presumably SARS-CoV-2).

• They deployed Mistral-8×7B (MoE) on their in-house GPU cluster to do this virtual 
screening.

• Mistral-8×7B indicates a Mixture-of-Experts model with 8 experts of 7B each (so effectively 
using possibly up to 56B parameters when needed, but MoE means not all experts are used at 
once usually).

• They had a cluster of GPUs, which likely was necessary to handle parallel processing of so 
many compounds.

What the model did:



• The model evaluated each chemical structure (likely represented in some form like SMILES 
strings or molecular fingerprints) and predicted which are most likely to bind a target viral 
protein. In other words, it had to assess docking or binding potential, presumably by reasoning 
or maybe by having been fine-tuned on known ligand-binding data.

• This is akin to doing a preliminary filtering in drug discovery called virtual screening 
(computationally predicting hits before lab testing).

Benefits Realized:

• Cost Savings: By running this locally on their own cluster, they saved an estimated $50k in 
cloud computing costs. This implies that doing the same screening using cloud resources (like 
renting time on cloud GPUs or using a cloud service for virtual screening) would have cost 
around $50k for the compute required. Instead, since they had their cluster (which maybe they 
already own or invested in), the incremental cost was just electricity and maintenance, not rental 
fees. Possibly they got this number by comparing to how much it would cost on AWS or an 
HPC cloud for similar GPU hours.

• Immediate control and customization: They had immediate control over the screening 
process. Locally, they could adjust parameters on the fly, reprioritize which compounds to test 
next, or tweak the model if needed. In a cloud setting, especially if using some managed 
service, you might not have as much flexibility, or changes might incur additional cost or 
require new jobs to be submitted.

• Running on their cluster likely allowed them to run continuously (maybe 24/7) and monitor 
progress intimately. If something looks off, they can intervene immediately. It's their own 
cluster, so no queue if they want to rerun something differently.

• Speed: They got results in weeks rather than months. If they had limited cloud budget or had to 
use a slower approach, it might have taken months to evaluate all 1e6 compounds. Their local 
cluster with the MoE model probably churned through them faster because MoE like Mistral 
can throughput a lot (multiple experts processing in parallel maybe, plus cluster parallelism). 
They didn't have to possibly share resources with others (like in a cloud environment, 
sometimes you get slower if you can't get enough instances concurrently or whatever).

• Using MoE Mistral was wise because Mistral was said to have high throughput. This model can 
handle multiple queries per second, which is needed when doing something 1,000,000 times. It 
might have been generating predictions for many compounds per second when fully utilized.

Quality of results:

• It says the model “predicted which [compounds] were most likely to bind a target viral protein.” 
It doesn’t give a result like how many hits they found, but presumably it narrowed down to a 
smaller list of candidates for actual lab testing. The key point is they were able to do the 
screening thoroughly and quickly enough to matter during the pandemic time frame, which was 
urgent.

Implications:



• Locally run AI allowed a kind of high-performance computing task to be done in-house cheaper 
and perhaps faster than if outsourcing it.

• $50k saved is significant; it suggests that building their own cluster and running these tasks 
provided ROI quickly (if cluster cost was e.g., $100k, one such project already returns half that 
in saved cloud fees).

• Also consider confidentiality: drug discovery is sensitive IP. If they had used a cloud and 
uploaded details of 1,000,000 proprietary compounds or their target, that’s a lot of sensitive 
info. Locally, it stays within the company’s firewall which is safer for IP protection.

• The ability to do custom adjustments on the fly could mean they discovered along the way they 
needed to adjust the model scoring (maybe the model was overestimating certain chemical 
properties, so they fine-tuned it mid-project or introduced a correction factor). On cloud 
managed services, you often can’t change the model parameters easily; since they ran their own, 
they could even fine-tune Mistral further on known binding data if needed mid-stream.

Conclusion of case study:

• Showcases that local AI (especially with a powerful architecture like MoE + cluster) can tackle 
big data problems in crisis times (COVID) effectively.

• They achieved both significant cost savings and time savings – a win-win that often isn't easy; 
usually one trades cost for time or vice versa, but here owning infrastructure gave them 
advantage in both aspects.

• It highlights how local AI empowerment means an organization can respond to urgent research 
needs immediately, without negotiating cloud contracts or waiting in line for resources.

• It’s also a great story: they possibly contributed to finding inhibitor leads for COVID-19 
quicker, which in a pandemic is highly valuable.

Together, the three case studies (genomic, protein folding, drug screening) cover a broad range:

1. Data analysis on patient data at scale (variants detection).

2. Complex scientific computation (structure prediction).

3. High-throughput discovery (drug screening).
All done with local AI, emphasizing privacy, speed, cost-effectiveness, and scientific progress.

(These cases implicitly encourage the audience that many tasks can be attempted with local models, 
maybe not with default base models but with some fine-tuning or domain adaptation. And because it's 
local, you can tailor models exactly to your needs.)

Slide 26: Challenges – Hardware Costs
After showcasing benefits and successes, the presentation turns to challenges of local AI, starting with 
the cost of hardware:



• High Compute Requirements: Sophisticated AI models (like the large ones we’ve been 
discussing: 70B parameters etc.) need very powerful hardware to run effectively. The slide 
mentions running a 70B model might require over $5,000 in GPUs. Let’s break that down:

• A 70B model probably needs at least 4 high-end GPUs if quantized (like 4 x 24GB = 
96GB might handle it in 4-bit maybe).

• High-end GPUs (like NVIDIA A100s or even consumer 3090/4090s) can be $1k-$10k 
each depending on model. So indeed, multiple GPUs can easily be $5k or more.

• And that’s just GPUs; you also need a strong power supply, possibly a specialized 
chassis, cooling, maybe high-speed NVMe storage (for model loading), etc.

• This puts it out of reach for many small labs or startups. Not every group can just drop $5-
10k on a single workstation, let alone more for clusters. Grants or budgets might not allow such 
purchases without justification.

• Also note: if you want multiple such systems (for multiple teams or redundancy) the cost 
multiplies.

• Infrastructure beyond GPUs: They mention disk space and high-speed memory also needed.

• Big models (70B+) are huge in file size (many tens of GB to store). If you want to keep 
several models or versions, you need a lot of storage.

• And at runtime, if not quantized, a 70B in fp16 is ~140GB memory needed – far beyond 
most single GPUs, hence multi-GPU or huge memory GPUs needed.

• Memory bandwidth matters; consumer hardware might struggle on very large models 
due to limited memory bandwidth or other bottlenecks.

• If you have multiple GPUs, you need a good CPU and bus to feed them, etc., all adding 
cost.

• Power consumption: Though not explicitly mentioned, running these GPUs draws a lot of 
power (like a 3090 draws ~350W, 4 of them ~1.4kW plus overheads). Over time that’s a big 
electricity cost, plus heat generation requiring cooling solutions (in a server room perhaps).

• Hardware refresh: Another implicit cost: AI hardware gets outdated relatively quickly (new 
GPUs ~ every 2-3 years with much better performance). If you invest now, in 2 years something 
twice as fast might appear – if you want to stay cutting edge you need recurring investment.

So the challenge is initial and ongoing investment needed is significant. Unlike using cloud where 
you pay per use, here you front a lot of money for hardware and hope to utilize it enough to justify that. 
For some, that’s fine; for others (like a small academic lab with limited funding), it’s a major hurdle.

Mitigation Strategies: The slide suggests ways to cope if budgets are limited:

• Use smaller or optimized models: Instead of aiming for the 70B SOTA, use a 13B or 7B 
model that can run on a single GPU or even CPU (with quantization). If it meets your needs 



adequately, that’s a huge saving. For many tasks, a fine-tuned 7B might be enough. Or you can 
chain multiple smaller models for complex tasks rather than one giant model.

• Quantization to shrink model size: This is the technique of reducing precision (like using 4-
bit or 8-bit weights instead of 16/32-bit). As mentioned, Q4 quantization can drastically cut 
VRAM needs (they’ll detail quantization more in a later slide). The slide here alludes that 
quantization is explained later, but just says to use it to shrink model size if needed.

• Ex: Use 13B instead of 70B – going from 70B to 13B is a big drop in requirement. A quantized 
13B can run on a single, even consumer-grade GPU (like an RTX 3080 with 10GB as they said 
earlier). That costs maybe $700-$1000 instead of $5000+. Accuracy might drop or complexity 
might reduce, but maybe it's sufficient for the problem. For instance, if you quantize and prune 
a model or use LoRA fine-tuning on 13B, you might get results close to a 70B on your specific 
domain with a fraction of cost.

• The slide specifically says a quantized 13B model can run on a single affordable GPU (like a 
consumer RTX card). Perhaps referencing that Q4_0 quant Llama-2-13B fits in ~10GB so a 
3080 can do it, albeit a bit slow but workable.

• Trade-off: There is some reduction in raw accuracy/complexity. So maybe it won't answer as 
nuanced or general as a 70B would. But it's “workable solution albeit with some reduction in 
raw accuracy/complexity.” So for many applied tasks, that trade is acceptable if it means the 
difference between having an AI help or not at all.

• Also consider multi-turn or other strategies to compensate: you can sometimes use prompting 
cleverly with a smaller model to get decent results.

So basically, the advice is to scale your ambitions to your budget:
- If you can't buy a monster GPU, use the largest model that fits on what you have, and optimize it.
- The community often releases smaller distilled versions or instruct-tuned smaller models that are 
good enough.
- For example, maybe instead of GPT-4 level model, you use GPT-3 level (13B) fine-tuned and that’s 
okay for initial needs.

It also implies phased investment: start small and demonstrate value, then use that justification to get 
funding for bigger hardware later.

Conclusion of this challenge slide:

• Acknowledge that hardware costs are a real barrier.

• Solutions exist like quantization and careful model choice to lower compute needs.

• Encourages starting with what's available. E.g., many labs might only have a single GPU 
machine— fine, run 7B or 13B quant on that.

• Over time, maybe these hardware costs will drop (GPUs get cheaper relative to performance) or 
more efficient models (like mentioned future directions energy efficiency).



• Meanwhile, if someone absolutely needs the biggest model, maybe they do have to consider 
cloud or a compromise if they can't afford physical GPUs. But the slide focuses on keeping it 
local by adjusting model size.

(This sets up the notion that not everything is rosy; one must plan for infrastructure. It also segues 
likely into next slide about technical complexity— even if you have hardware, using it properly is 
another challenge.)

Slide 27: Challenges – Technical Complexity
This slide highlights the challenge that setting up and optimizing local AI is not trivial and often 
demands technical expertise:

• Complex Setup and Tuning: To run AI models locally, especially bigger or optimized ones, 
often requires dealing with various technical steps:

• Installing the right frameworks (PyTorch, CUDA, etc.)

• Ensuring drivers (like NVIDIA GPU drivers, CUDA toolkit) are correctly installed and 
matching versions that your AI frameworks expect. If there's a mismatch, things can 
break or performance suffers.

• Possibly needing to compile special backends or plugins (like if using GPTQ 
acceleration, or some custom BLAS library).

• ExLlama2 backend was mentioned (which likely is an optimized backend for a 
quantized Llama v2 model to run faster on GPU). Setting that up might require building 
from source, adjusting config files, etc.

• Managing Docker environments if you take that route: some people use Docker images 
to encapsulate everything, but that might need familiarity with Docker commands and 
volumes, etc.

• If not Docker, dealing with Python environments (virtualenv/conda) to get the right 
dependencies without conflict.

• Model quantization techniques: understanding how to quantize a model if you need to 
(like using quantize.py scripts, etc.), which format (GPTQ vs GGML vs others). If 

you quantize wrong or use incompatible versions, it might not work.

• Also optimizing performance: e.g., setting correct parameters for parallel threads, 
swapping etc., for CPU vs GPU usage. Maybe fiddling with VRAM offload settings. All 
these require some know-how or trial-and-error.

• Troubleshooting needed: The slide says users may need to troubleshoot installations and 
compatibility themselves. This is common:

• For example, you get an error that some library is not found or a version mismatch. 
There's typically no official support line; you search forums or GitHub issues.



• Some typical challenges: out-of-memory errors that require adjusting batch sizes or 
using lower precision; dependency hell where one library update breaks another; 
needing to compile code with correct flags for your GPU.

• Also, performance tuning: maybe initially you get 1 token/sec and you find out you 
didn't enable CUDA or your model is running on CPU by mistake; figuring that out and 
enabling GPU acceleration takes knowledge.

• Example given: Setting up ExLlama2 with GPTQ might require:

• Using Linux command-line (because maybe these tools are better supported on Linux).

• Installing correct GPU drivers (like NVIDIA’s proprietary drivers on Linux which can 
be non-trivial).

• Possibly building something from source or editing configuration files that specify how 
the model is loaded or parallelized.

• This could be daunting for a biologist with minimal computing background. They might 
not know how to navigate errors or even where to start beyond following a tutorial 
(which if incomplete, they'd be stuck).

• Memory leaks, compatibility errors: these often show up when mixing components:

• e.g., a specific model might require PyTorch nightly or an older version, but you 
installed the latest stable and get weird issues.

• Or one library leaks memory if not properly configured, causing slowdowns or crashes 
after time; diagnosing that can be hard.

• Multi-GPU setups can have issues with communication (like if NVLink isn't utilized 
right, or needing to set up proper distributed training/inference environment).

• Specialized expertise needed: The slide mentions "this technical overhead can be a barrier for 
biology labs that lack dedicated IT support". Exactly:

• Some large labs or companies might have an engineer or an IT team to handle this, but 
many small labs just have a bunch of scientists who may not have deep sysadmin or 
devops skills.

• If something breaks, they might have to spend days searching forums or might give up 
on the local approach.

• This is where a cloud solution appeals because it's plug-and-play (but then has other 
issues like cost or data).

• So basically, not only do you need hardware, you need to know how to use it effectively for 
AI. And the learning curve can be steep if you're new to it. It's not just clicking "install"; often 
things break or need optimization.



• This is a known friction point: Many folks on e.g., r/LocalLLaMA or similar communities 
share guides and help each other exactly because it's tricky to get it right. It's getting better with 
easier installers, but still.

Conclusion of this challenge slide:
Local AI gives control but at the cost of DIY complexity. It requires time and skill to set up and 
maintain. For some labs, this might be a significant hindrance if no one on the team is comfortable with 
such tasks or if they underestimate the required work.

It sets the stage for next slide likely where they discuss solutions (like easier deployment methods, 
containers, community support etc., which we saw glimpses of on Slide 28).

(So Challenge 1: cost of hardware, Challenge 2: complexity of setup – addressing "Ok you bought a 
GPU, now what? It's complicated to use fully.")

Slide 28: Challenges – Technical Complexity (2)
This appears to continue addressing the technical complexity challenge, focusing on solutions and 
community support to make local AI deployment easier:

• Solutions to Lower the Barrier: The slide mentions easier deployment methods provided by 
the community. Some examples:

• Pre-configured Docker containers: Some community members or organizations 
release Docker images that have everything needed installed and configured. For 
example, an image that has the correct version of PyTorch, the transformers library, 
maybe even some UI pre-installed. A biologist could then just install Docker and run a 
single command to launch the container, rather than installing each component manually.

• Docker ensures consistency (no dependency conflicts, works on any machine 
with Docker).

• For instance, there's a Docker image for text-generation-webui or Oobabooga 
that one can run, and it opens the UI on your local host.

• These containers often come tuned (like appropriate environment variables set).

• One-click installers: On Windows especially, some projects provide an .exe or .bat that 
automates the environment setup. For example, the Oobabooga text-generation-webui 
had an installer script that fetches miniconda, sets up environment, installs packages, 
etc., when a user double-clicks. So the user doesn't manually pip install or worry about 
versions.

• Another example might be LMStudio (Local Model Studio) which is a GUI that 
bundles the inference engine, so you just open it and load a model file.

• Such installers bundle dependencies, maybe even the model file if license allows, 
so it becomes "download this and run".



• Bundled dependencies and settings: The slide says these bundle necessary 
dependencies and settings so the user doesn't need deep knowledge of underlying 
system.

• For example, a Docker might already have the optimum settings for using GPU 
memory, or the one-click might auto-detect your GPU and choose an appropriate 
model format or quant level.

• It's basically packaging the expertise so that the end-user doesn't have to 
manually do it.

• So a biologist could "launch a container that has the model ready-to-use". That means 
instead of dozens of steps, maybe 3 steps: install Docker, pull container, run it; then open 
a web UI to interact with model.

• Good documentation & forums: The slide also points out that good documentation and 
community forums are invaluable:

• Many projects have step-by-step guides (some written by the community for newbies).

• Forums like the mentioned subreddits, Hugging Face forums, Discords (there are local 
LLM discord servers) where people troubleshoot each other's problems.

• A lab lacking formal IT support might lean on these community resources for help when 
stuck. It's often effective because lots of enthusiasts are sharing solutions.

• It's a bit like having a remote volunteer support network, though one must sometimes 
sift through info.

• Efforts to streamline local AI setup: The slide suggests there's an active movement to make 
local AI easier so domain experts can focus on science, not software. This implies:

• Tools are becoming more user-friendly (we see that with GUIs and all).

• Possibly new software is emerging that hides complexity (like auto-config that detects 
your hardware and picks best model/setting).

• Perhaps integrated distributions like an "AI server appliance" could come. (E.g., maybe 
in the future you just get a pre-configured box with models installed).

• In the meantime, at least the process is being documented and automated where possible.

• Summarizing:

• Use containerization or installers to avoid manual environment config.

• Rely on community knowledge base when encountering issues (someone likely had the 
same problem).

• Many local AI frameworks are open-source and have active communities because no 
official support – but that community support often is pretty good.



• Over time, things like perhaps package managers might handle these better, or combined 
projects (like some are making Windows UI apps that include everything in one 
package, albeit large).

• The ultimate goal highlighted: biologists can focus on their experiments and data, letting 
these easier tools handle the AI setup. So the barrier of "I don't know how to set up an AI 
model" should become less and less of an issue with these solutions.

It’s essentially acknowledging the problem (Slide 27) and then showing that the community is 
addressing it (Slide 28).

(Given this, the next slides might pivot to future directions like making models smaller, more efficient 
etc., which was foreshadowed by Future Directions slides: energy efficiency, federated learning, etc.)

Slide 29: Future Directions – Energy Efficiency
Looking ahead, the presentation now discusses where local AI is going, starting with making AI more 
energy-efficient:

• Greener AI Models: There’s an emerging push to design models and hardware that consume 
less power. For local AI, this is important because running big models is power-hungry (as we 
noted, GPUs draw lots of electricity). Efficiency can be improved in multiple ways:

• Model architecture innovations: Creating smaller models that achieve the same 
accuracy (like using knowledge distillation, better training, sparsity, etc.) reduces the 
compute needed per inference.

• Hardware improvements: New chips that do the same computations with less energy 
(for example, moving from 7nm to 3nm chips, or specialized AI accelerators like low-
precision TPU chips, etc.).

• Algorithms: optimizing how inference is done (like quantization and efficient 
transformers such as FlashAttention, etc. can reduce computation).

• Smaller models with useful accuracy: It mentions an upcoming Gemma-2B variant aiming to 
maintain useful accuracy with far less power usage:

• 2B is tiny by current standards (most powerful models we talk about are 7B+). But if 
they can make a 2B model perform decently on certain tasks, it could perhaps run on 
battery-operated devices or at least on a low-power PC easily.

• ~60% reduction in power usage for some efficient models. That suggests if a normal run 
would use say 100W, these smaller models can do similar tasks using 40W. Or if a GPU 
doing inference typically uses X energy per token, they cut that significantly. 60% is a 
big drop – that is more than half saved.

• This could be through both the model being smaller and maybe using int8 or int4 
quantization out-of-the-box, or being optimized to run on something like an ARM chip 
with efficiency cores.



• Implications:

• Portable/Battery-Powered AI: If models can run on far lower power, you can put them 
onto battery-driven devices or field equipment. The slide explicitly says “run on 
portable or battery-powered devices in the field”. For example:

• A handheld genomic sequencer might have an AI that runs on a built-in chip to 
analyze sequences in real-time without needing mains power.

• A drone with an AI model on board analyzing environmental data while flying 
(limited battery).

• A smartphone doing heavy AI processing without draining battery in minutes.

• Lab cost savings and heat: For labs running AI 24/7 on servers, more efficient models 
mean lower electricity bills and less heat to cool. Heat output is mentioned – server 
rooms can get very hot and require expensive cooling. Reducing power by 60% 
effectively also reduces heat by that much, easing HVAC loads.

• If labs can adopt “green AI” models, they can maybe run more models in parallel 
or not worry as much about power infrastructure.

• Eco-friendly AI: There’s a growing awareness of AI’s carbon footprint. By using 
efficient models, research groups can also claim to be more environmentally conscious, 
which can be a good thing for institutional policies or funding (some grants may 
consider sustainability).

• It's said "As environmental sustainability becomes important, 'green AI' models 
will allow local deployments that are cost-effective and eco-friendly".

• Resource-limited settings: “resource-limited settings or mobile labs” – think remote 
clinics, developing regions, or small field offices where reliable power or large devices 
aren't available. Energy-efficient AI can bring capabilities to those contexts. E.g., an off-
grid research station with solar panels could still run AI analysis if the model is efficient 
enough, whereas currently maybe they can't due to power constraints.

• Examples:

• Perhaps mention of something like ARM-based AI accelerators or new NVIDIA “Grace 
Hopper” which combine CPU & efficient memory might show up in context. But likely 
just conceptually.

• If Gemma-2B is an example, maybe it’s targeted for an edge device where you just give 
up some accuracy but drastically cut power usage.

• Summary:

• The future will see smaller, more efficient models and perhaps specialized hardware 
that make local AI not just feasible but convenient and cheap to run continuously.



• This will expand local AI usage because more people can afford to run it (less need for 
enormous GPUs and electric bills).

• Also ties to the notion of local AI not always needing a huge footprint – it can be 
integrated widely if the energy cost is low (embedding in instruments, wearables, etc).

This is optimistic but in line with trends: there's definitely focus on model compression, and hardware 
like Apple's Neural Engine or others that try to do more with less power. So expect local AI to not 
always be tied to power-hungry PCs; maybe you'll have a little AI co-processor in lab devices soon.

(Also recall, one barrier for some to using local AI is "my laptop can't handle it without draining 
battery and getting hot" – energy efficiency can solve that, letting normal devices run fairly advanced 
AI without being tethered to a wall or fan blasting.)

Slide 30: Future Directions – Federated Learning
This slide covers federated learning (FL), which is a method to train AI models across multiple 
locations/data sources without sharing raw data. It’s about collaborative training with privacy:

• Collaborative Training without Data Sharing: Federated learning allows multiple parties 
(e.g., hospitals, labs, etc.) to jointly train an AI model without exchanging raw data. How it 
works:

• Each site (client) has its own local data. For example, 5 different hospitals each have 
patient datasets.

• They each train the model on their own data locally (just a small improvement or one 
"epoch" or a few steps).

• They then send only the model updates (gradients or weight differences) to a central 
server (or a collective aggregation process) – not the actual patient data.

• The central server (or a coordinating process) aggregates these updates (commonly by 
averaging them – this is the FedAvg algorithm).

• The aggregated update is applied to the global model, which ideally now has learned 
from all the data combined, but no site ever saw each other’s data.

• This process repeats for several rounds until convergence.

• Because only weights are shared (and sometimes those can be encrypted or anonymized 
further), raw data never leaves its source. That addresses privacy concerns.

• Applications in Biology: FL is a big deal in healthcare and bio because data is often sensitive 
or siloed:

• They give the example of several cancer research centers each with patient datasets 
that are too sensitive to pool together centrally. For instance, each hospital cannot send 
patient records to a central server due to privacy laws or just competitive concerns.



• Using federated learning, they could collectively train a robust cancer diagnostic 
model:

• Each hospital trains on its own patient data (like imaging, genomics, etc.), and 
shares model updates. The combined model would thus learn patterns from a 
much larger and diverse dataset (all hospitals' data) than any single hospital's data 
alone.

• Yet, each patient's data stays at their origin hospital. The central server only sees 
the weights, which ideally cannot reconstruct individual patient records 
(assuming proper precautions).

• The slide highlights that in FL each hospital’s data stays local and private, but the 
model learns from combined knowledge.

• Multi-institutional AI studies: This opens up research where previously, data sharing was a 
big obstacle. For example:

• A multi-center study could train an AI to predict disease outcomes from imaging across 
many hospitals without needing to centralize all images.

• In bio, perhaps multiple pharmaceutical companies could even do an FL to train a model 
on drug response or chemistry data without revealing their proprietary compounds 
(though that requires trust in process).

• Another area: wearable device data could be used in FL (each user’s device contributes 
to a global model for say health predictions, but user’s raw data stays on their device – 
this is already being done for keyboard prediction on smartphones, etc.).

• Why this is future of local AI: Federated learning relies on having local AI capabilities at each 
site (they each must run the model training). So it’s inherently a local AI scenario but scaled 
across many locals. It uses networking to coordinate but not to centralize data.

• It essentially says local AI is not just for one site; multiple local AIs can team up to 
create a "virtual global AI".

• It respects data ownership and sovereignty – something increasingly demanded by 
regulations (like GDPR in EU or HIPAA in US).

• Challenges: not mentioned here but known:

• FL requires careful handling so that model updates don't leak info (there are techniques 
like differential privacy, secure aggregation to mitigate that).

• It can be tricky if data distributions differ strongly between sites (non-iid data).

• But these are being actively researched, as indicated by references like we found earlier 
in survey about healthcare FLarxiv.org  arxiv.org  .

• Example scenario concluded in slide's phrasing: "This opens the door to multi-institutional 
AI studies in healthcare and biology, where privacy and data ownership are paramount."

https://arxiv.org/html/2504.17703v3#:~:text=privacy%20assurances,19%20%2C%20%2050
https://arxiv.org/html/2504.17703v3#:~:text=Federated%20Learning%20,both%20centralized%20and%20decentralized%20settings


• This implies: things that previously weren’t possible (like training on a dataset across 
hospitals or countries) now become possible with FL, thus enabling larger and more 
diverse models which could be more accurate and generalizable.

• Each institute retains control over their data, likely making them more willing to 
participate (lack of willingness to share data is a big barrier normally).

• What's needed to do FL:

• A federated learning orchestration system (there are open frameworks like TensorFlow 
Federated, PySyft, or Flower).

• Each site must have computing ability to train the model on their data (so local 
computing is necessary).

• Good coordination and agreement on model architecture etc.

• This is definitely a promising direction and we see early adoption (some hospital consortia have 
done federated learning for things like MRI analysis, e.g., an FL study for brain tumor 
segmentation across institutions).

• It's future-oriented because it’s not yet mainstream, but likely to grow.

Summary: Federated learning allows collective model training without centralizing data, which 
aligns perfectly with using local AI at each site but still benefiting from broader data. It's a future 
direction that could solve the tension between needing big data and protecting privacy – letting us have 
both.

(Essentially, if slide 29 was about improving hardware usage, slide 30 is about improving how we can 
get big data benefits without violating localness.)

Slide 31: Quantization Techniques
This slide likely goes into detail on quantization, which was mentioned earlier as a way to make models 
smaller and more efficient:

• What is Quantization? Quantization is the process of reducing the precision of a model’s 
parameters (weights) from high precision (like 32-bit or 16-bit floats) to lower precision (like 8-
bit integers or even 4-bit integers).

• This drastically reduces memory usage because each weight takes fewer bits to store.

• For instance, going from 16-bit to 4-bit is a 4x reduction in model size (because 4 bits is 
1/4 of 16 bits).

• It can also speed up computation if the hardware supports doing operations in lower 
precision efficiently, because moving and multiplying smaller numbers is faster.

• Impact on Accuracy: If done well, the drop in accuracy is minimal. But if done naively, it 
could be larger. Quantization essentially approximates the original model weights with lower 
precision ones, and some information is lost in that rounding/approximation.



• There are advanced techniques to minimize error, such as calibrating quantization scales 
per layer, or quantization-aware training (where the model is fine-tuned with 
quantization in mind).

• The slide says instead of 16-bit or 32-bit numbers, a quantized model might use 8-bit or 4-bit. 
Exactly:

• FP32 (32-bit float) is often used in training. Many inference run at FP16 (16-bit float) to 
save some memory.

• But you can go to INT8 (8-bit integer) or even INT4 (4-bit) or mixed schemes. INT8 
still has 256 possible values per weight which is often enough resolution for inference 
after training. INT4 only 16 possible values per weight so more tricky but works for 
large redundant models often.

• There are also more exotic quantizations like 3-bit, 2-bit, etc., but those are harder and 
usually involve heavy accuracy penalty if not careful.

• Minimal impact on accuracy if done well: E.g., GPTQ, LLM.int8 etc. Some papers show 
going to 8-bit can preserve >99% of the performance of full precision. 4-bit can preserve a lot 
too, maybe a slight drop in perplexity but often negligible in practical outputs, especially after 
slight fine-tuning.

• Examples of Quantization Formats: The slide likely references:

• GGUF (which we saw before) and similar (GGML) for CPU/Apple – those are 
quantized formats.

• GPTQ is mentioned here as a method focusing on GPU inference (makes model run 
faster on GPU but result is often only GPU-usable).

• They mention GGUF is optimized for CPU (and Apple Silicon) usage. Apple Neural 
Engine can use those lower precisions effectively, and on CPU smaller size helps given 
limited memory.

• GPTQ produces a model that runs faster on GPUs but often these models are not as 
flexible (like might require specific GPU or can't run on CPU easily, as they note).

• GPTQ stands for "GPT Quantization", a recent algorithm that quantizes model 
with minimal loss by optimizing quantization per layer with some error metrics. 
It's used widely now to get 4-bit versions of LLaMA etc.

• But GPTQ outputs often need a custom inference code (like exllama or Triton 
kernels), and often they are not portable to CPU or other devices because it's very 
custom to GPU kernel implementations.

• The slide suggests GPTQ models are less flexible – indeed sometimes a GPTQ 4-bit 
model is tied to NVIDIA GPUs and won't run on CPU or older GPUs.

• So different quant formats for different target hardware:



• Use GGUF/GGML for CPU/Mac, or if you want a more universal albeit slightly slower 
approach.

• Use GPTQ for max speed on an NVIDIA GPU, but accept it's specialized.

• Summarizing: quantization can drastically cut memory usage with minimal accuracy hit. 
It's essentially a compression technique.

• So you can take a large model, quantize it, and now it fits on smaller hardware (like 
from 16GB need to maybe 4-6GB).

• This often means the difference between not being able to run a model at all vs running 
it on a typical desktop.

• Even if you have high-end GPUs, quantization means you could perhaps run a larger 
model than you otherwise could. E.g., a 70B might only fit on 2 GPUs if quantized vs 
requiring 4 GPUs at full precision.

• Quantization Trade-offs:

• Typically slightly lower accuracy (maybe the model's answers are a tiny bit less precise, 
or it might struggle slightly more on edge cases).

• Possibly some inflexibility as mentioned (e.g., quantized models sometimes can't be 
further fine-tuned easily; they are mainly for inference).

• But for inference-only usage, it’s usually great.

• They mention GGUF and GPTQ as examples of formats. They likely also mention that GPTQ 
models run faster on GPUs but are GPU-only and sometimes specific GPU types (like some 
GPTQ kernels might use NVIDIA specifics or require at least certain compute capability).

• Connection to earlier slides: They recommended using quantization (Slide 26 solutions), here 
they explain it.

• They also mention things like "Instead of 16-bit or 32-bit, might use 8 or 4-bit" – making it 
clear what quantization is in simpler terms.

(They might not go into algorithm details, but conceptually enough for audience to get that it's a 
compression akin to rounding numbers to fewer digits.)

Slide 32: Quantization Techniques (2)
Continuing with quantization, likely focusing on benefits and concrete examples:

• Benefits: The slide lists what quantization achieves concretely, with an example:

• Using a 4-bit scheme (like Q4_K_M, which is one of the specific quantization schemes 
where part of weights use K-bit and part M-bit etc. from GPTQ context)

• For a 13B parameter model, memory footprint can be reduced by ~65%.



• 13B in full FP16 might be around 26 GB, quantizing to 4-bit would be roughly 
26 * (4/16) = 6.5 GB, which is about 75% reduction, but they say 65% so maybe 
overhead or maybe they compare to 32-bit.

• Anyway on the order of going from needing 16 GB VRAM to ~5-6 GB as they 
say.

• They specifically mention a model originally needing 16 GB VRAM might only need 
~5–6 GB after quantization. That aligns with, say, LLaMA-13B needing ~13-14GB in 
16-bit, down to ~5GB in 4-bit.

• This means a high-end model can run on mid-range hardware like they earlier said 
(consumer GPUs with 6-8GB).

• Impact on accessibility: "enabling high-end models to run on mid-range hardware" is crucial:

• Many researchers only have, for example, a gaming laptop with a 6GB GPU or a 
desktop with a 8GB card. With quantization, they can possibly run a 13B or even a 30B 
(30B in 4-bit might be ~12GB, borderline but maybe with offloading a bit).

• Without quantization they'd be stuck with tiny models or not using GPU at all (which 
would be very slow).

• So quantization is indeed a key tool for local AI because it broadens the user base – 
you don't need a 24GB GPU to play, you can do something even with 6-8GB, or use 
CPU with quantized model albeit slower but still possible.

• Quantization = key for accessibility: They explicitly say it's a "key tool for making local AI 
more accessible". Summarizing:

• Lower memory/disk -> more people can download and store models (some models are > 
100GB unquantized, which is huge).

• Lower VRAM -> more people can load them on their available hardware.

• Possibly improved speed -> lower latency on given hardware (and maybe energy usage 
too because less memory access).

• All without needing to wait for super advanced hardware.

• Note: Q4_K_M is likely a specific flavor (maybe "4-bit with K-means clustering per group and 
M bits for one part" I'm not entirely sure, but it is a type used in GPTQ quantization).

• It's good they gave a numerical example (65% reduction), that really drives the point: from 
16GB to 5-6GB is huge.

• Also consider combined with Slide 29's point: quantization also indirectly helps energy usage 
(less memory to move, smaller compute), aligning with greener AI.

• So in total, slides 31 & 32 have conveyed:

• What quantization is and why use it (31).



• How effective it can be and how it helps practically (32).

One might also think: beyond weights, quantizing activations is possible but more complicated, they 
likely didn't mention that (that's part of quantization aware training often).

Anyway, it's positioned as a straightforward hack to get models smaller. Many in the audience (if not 
from CS background) might not have thought you can turn a 16GB model into a 5GB one with minimal 
changes, so this is an eye-opener and a tip for them if they try implementing local AI.

(Given how critical quantization has become in local LLM community, it's good the presentation 
highlights it. Many successes of local LLMs on lower hardware are because of these techniques.)

Slide 33: Community Resources
Now they are pointing the audience to resources where they can find models, help, etc., likely 
emphasizing online communities and repositories:

• Hugging Face Hub: The slide calls it an online platform hosting over 200,000 pre-trained 
models (which matches what we foundpointofai.com). It likely touts the Hugging Face (HF) 
model hub as a goldmine for local models:

• HF Hub is a website (huggingface.co) where community and organizations upload 
models, datasets, and demos. It's become the central repository for NLP and increasingly 
other modalities, including many of the local LLMs (or at least their weights or links).

• Over 200k models indicates the vastness: covers everything from language models, 
vision models, to many specialized bio models (there are indeed many bioinformatics 
and medical models on HF).

• They mention it includes many biology-specific models. Examples might include things 
like BioBERT, protein sequence models (ESM from Meta, etc.), or models fine-tuned for 
tasks like DNA sequence classification, medical question answering, etc.

• On HF, one can search by tags (like "biology", "genomics", etc.) to find relevant models. 
Many are ready for use or fine-tuning.

• It's not just models, but also datasets (30k+ as we saw in search results) and even demo 
spaces. But likely they focus on models here.

• The hub also provides documentation and sometimes even an interactive widget or API 
to test models.

• One can download models from HF either through their transformers library or 

directly if the model is in safetensors or pickled.

• HF fosters contributions: people can upload improvements or their own fine-tunes. So if 
you fine-tune a model for a bio task, you can share it there for others.

• It's basically like the GitHub for models.

https://pointofai.com/tools/hugging-face#:~:text=The%20AI%20community%20building%20the,future


• Summary of HF: "An online platform hosting 200,000+ models plus datasets and demos, a 
goldmine to find models to run locally – including many in biology. Users can download 
models, read documentation, even contribute."

• Emphasize how easy it is to get a model: just a git clone or using HF's 

from_pretrained in code, and you have it.

• For someone new, HF Hub should be first stop to search if a model exists for their 
problem.

• Reddit & Forums: The local AI enthusiast community is active on platforms like Reddit, 
especially r/LocalLLaMA:

• On such forums, people share tips, ask questions, and troubleshoot issues. This is important 
because as we said, issues will arise, and often the solution is on these boards.

• They also discuss latest model releases and how to get them working (e.g., "Mistral-7B is out, 
here's how to run it", or "I quantized model X, here's the file").

• They talk about optimizing performance for certain hardware ("I got 20 tokens/sec on a 3090 by 
doing X").

• Real-world use cases are shared ("I used this model to do Y task in my project, here's the 
result"), which can inspire others to try similar things.

• It's a peer support network and also a source of cutting-edge info because often new models or 
techniques appear in these communities before formal publications.

• For instance, r/LocalLLaMA often is first to break news of a leaked model or a new fine-tune 
etc.

• The slide calls these communities excellent for staying updated and getting help from peers. It's 
basically recommending the audience to join or lurk in these communities if they dive into local 
AI, because that's where you'll learn a lot outside of formal documentation.

• Also presumably if our participants run into a problem, posting on such a forum might get them 
solutions from others who've encountered the same.

• Possibly also other forums:

• Maybe Hugging Face forums (discuss.huggingface.co) or specialized ones like on Discord 
groups or Stack Exchange, etc.

• But r/LocalLLaMA is specifically mentioned by name. That one has grown big as a hub for the 
LLM local scene.

• The idea is that the community is a resource in itself. Because local AI is a grassroots 
movement in many ways, a lot of knowledge is informal and shared via these channels.



Slide 34: Community Resources (2)
Continuing community resources, focusing on GitHub and open-source projects:

• GitHub Repositories: Many open-source projects support local AI development, and being 
involved or aware of them is highly beneficial:

• Example given: Oobabooga text-generation-webui (commonly just referred to as 
Oobabooga or textgen web UI). It's a popular project on GitHub that provides a local 
web interface to run LLMs. It has one-click installers (especially on Windows via an 
installer script) and a thriving development cycle with new features.

• It allows loading models, using them in chat or instruct modes, and customizing 
a lot.

• They mention one-click installers and active development, meaning the 
maintainers and community contributors are frequently updating it (adding 
support for new models, better UIs, optimizations like ExLlama).

• If someone wants to run LLMs locally and not code everything from scratch, 
such a UI is a major boon.

• Other projects: LMStudio or text-generation-webui (which is actually same as 
Oobabooga's but maybe they list alternatives like LMStudio is a desktop app on top of 
similar tech, and text-generation-webui is Oobabooga's project name).

• These offer tools to run chat models easily. Possibly they'd mention things like 
KoboldCPP or others but maybe not to avoid too many names.

• The idea is that on GitHub you can find tools for whatever interface or feature you need. 
If you want a UI, there's one; if you want an API server, there's one; if you want a 
training framework, there are ones (like LoRA training scripts, etc.).

• Using GitHub effectively:

• They encourage browsing GitHub for models or tools of interest, and checking the 
issues pages:

• Issues pages often contain user questions, solutions, guides, and ongoing 
improvements discussions. It's a place to see common problems and how to fix 
them, often faster than waiting for official docs.

• For example, if a certain model isn't working in textgen-webui, someone likely 
reported it and maintainers or others gave a fix in issues.

• Many GitHub projects also have Wikis or readme instructions that are very 
detailed.

• People contribute guides and fixes – often if someone makes an optimization or figures 
out a hack, they might share it on GitHub or even submit a pull request to improve the 
code.



• By keeping an eye on relevant GitHub repos, one stays on top of updates (e.g., 
"someone added support for Llama-2 70B in this commit, update to get it").

• Overall: GitHub is essentially where the development happens and where you can get the 
cutting-edge tools for local AI. The slide suggests that open-source projects + their 
communities are the backbone of local AI progress – one should leverage them (use their tools, 
read their discussions, possibly even contribute if capable).

• This fosters not just usage but also a sense that if our participants do something cool, 
they might share it back.
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